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Abstract

Currentautomaticspeectrecognitionsystemsnake useof asinglesourceof informationabout
their input, viz. a preprocessefbrm of the acousticspeechsignal, which encodeghe time-
frequeng distribution of signalenegy. The goal of this thesisis to investigatethe benefitsof

integratingarticulatoryinformationinto state-of-theart speeclrecognizerseitherasa genuine
alternatve to standardacoustiaepresentation®r asanadditionalsourceof information.Artic-

ulatoryinformationis representeth termsof abstractarticulatoryclassesor “features”,which

areextractedfrom the speectsignalby meansof statisticalclassifiersA higherlevel classifier
thencombineghe scoredor thesefeaturesandmapsthemto standardsubword unit probabili-
ties.

The main motivationfor this approachs to improve the robustnesof speechrecognitionsys-
temsin adwerseacousticenvironments,suchasbackgroundoise. Typically, recognitionsys-
temsshow a sharpdeclineof performancaindertheseconditions.We argue and demonstrate
empirically that the articulatoryfeatureapproachcanleadto greaterrobustnessy enhancing
theaccurag of the bottom-upacoustiomodelingcomponentn a speeclrecognitionsystem.

The secondfocus point of this thesisis to provide detailedanalyseof the differenttypesof
information provided by the acousticandthe articulatoryrepresentationsgespectrely, andto
developstratgiesto optimally combinethem.To this effectwe investigatecombinatiormethods
atthelevelsof featureextraction,subword unit probability estimationandword recognition.

Thefeasibility of this approachs demonstratewith respecto two differentspeechrecognition
tasks.The first of theseis an American English corpusof telephone-bandwidtispeechithe
recognitiondomainis continuousnumbersThe seconds a Germandatabasef studio-quality
speecltonsistingof spontaneoudialoguesin bothcasesecognitionperformancavill betested
notonly undercleanacousticconditionsbut alsounderdeteriorateconditions.
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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
higherlevel task of speechunderstandingis concernedvith identifying the word sequencef
an utterancefrom the correspondingacousticspeechsignal. Standardspeechrecognizerspf
the structuredepictedin Figurel1.1,employ a preprocessetbrm of the acousticsignal,which
providesinformationaboutthe distribution of signalenegy acrosgime andfrequeng. In most
systemsthis representatiors usedasthe only sourceof informationaboutthe word sequence.
However, differentsignalrepresentationsiay be employed, eitherasgenuinealternatvesto an
acousticrepresentationgr asadditionalsourcesof information. In this studywe will demon-
stratethe viability andthe potentialof a speeclsignalrepresentatiomhich is basedon articu-
latory categories,alsotermedarticulatory featues Thesefeatureslescribepropertieof speech
productionratherthanthe propertiesof theacousticsignalresultingfrom it.

Thearticulatoryfeaturesnve areconcernedvith in this thesisarenot detailednumericaldescrip-
tionsof themovementof articulatorsduringspeectproduction Ratherthey areabstractlasses
which characterizeéhe most essentiabspectf articulationin a highly quantized,canonical
form, leadingto arepresentationdével intermediatédbetweerthe signalandthelevel of lexical
units. We arguethatthis approach(schematicallydepictedin Figure 1.2) offers severaladvan-

FEATURE
> EXTRACTION

Figurel.1: Basicstructureof standarcautomaticspeectrecognitionsystemsAcousticfeaturesareex-

ACOUSTIC

DECODING
MODELING

OUTPUT

tractedfrom the incoming speechsignal and passedo the acousticmodelingcomponent,
which estimatessubword unit probabilities.Theseare subsequentlyisedin the lexical de-
codingprocess.
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FEATURE
> EXTRACTION
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Figurel.2: Recognitionsystemextendedby articulatoryrepresentation.

tagesoverthecorventional,acoustics-onlyapproactdescribedbore. More specifically theuse
of an articulatoryrepresentatiorgither by itself or in combinationwith an acousticrepresen-
tation, may leadto increasedecognitionrobustnessn adwerseacousticenvironmentssuchas
speechcontaminatedy backgroundnoise.In the courseof this thesiswe will investigatethe
feasibility of the articulatoryfeature(AF) approachby applyingit to differentlanguagegGer
manandAmericanEnglish),differentrecognitiontasks(small-vocalulary numbergsecognition
and large-wocalulary corversationalspeechrecognition)and differentrecognitionparadigms
(hybrid HMM/ANN and Gaussiarmixture HMM systems)lIn all caseswe will analyzethe
characteristidifferencedetweerthe acousticandarticulatoryrepresentationandwe will de-
velopstratgiesto optimally combinethem.

1.1 Problems of Automatic Speech Recognition

ASR researctefforts have beensteadilyintensifiedover the pastthirty years particularlyin the
lastdecadeAs aresultof the developmentof both efficient speechrecognitionalgorithmsand
powerful hardware, the quality of ASR systemshasincreasedlrastically A numberof ASR
applicationsare now commerciallyavailable, suchas dictation systemsyoice dialing, voice-
controlledpersonatomputelinterfacesor informationsystemswith speech-basefiont-ends.

Neverthelessspeechrecognizersarestill far from beingubiquitous.Most of the applications
listed above involve very limited recognitiontasks,suchasidentifying the digits from O to 9
or a small numberof isolatedword commandsOthers,suchasdictationsystemscanhandle
continuousspeectanda largevocahulary, but they requiregoodacoustiaconditions(quietervi-
ronmentanda microphonewhich meetsthe systemrequirementsandan extensve enroliment
phaseo adaptthe systemto every new user The reasorwhy speecirecognitionhasnot found
morewidespreaduiseandwhy its commercialpotentialhasnot yet beenfully exploitedis the
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Condition Word Err or

Baseline spealkrindependent 3.0%
Baseline spealker-dependent 1.5%
Channelariation 12.0%
Transducer 10.0%
Speakingate 15.0%

No languagemodel 70%
Noise 30.0%
Dialectalspealers 20.0%
Non-natve spealers 45%
Noise+ non-natve spealers 85%
Combined 98.0%

Tablel.1: Effectsof adwerseconditionson speechrecognizeperformanceaccordingto [48].

lack of robustnes®f currentASR technology Speectrecognizerdypically deterioratesharply
in adwerseacousticconditions,e.g.in the presencef noiseor channelvariability. Furtherdif-
ficulties are presentedyy low-quality, band-limited(telephonekpeechandeverydayconversa-
tionalspeechTwo recentstudieselucidatetheproblemswvhichneedto be overcomebeforemore
sophisticated\SR applicationscanbe developed.

The first study [48] describesa state-of-the-artecognizerfor the ResourceManagementask

[96] and the variouseffects which differentrecognitionconditionshave on its performance.
Thesearelistedin Tablel.1. Theword errorratet of 3% obtainedon clean,undisturbedspeech
increasedo theword errorratesshown in theright-handcolumnin Table1.1 whenthe system
waspresenteavith channelariability, transducedifferencesfastspeakingates,etc. Combin-

ing all theseconditionsled to a word error rate of 98%, demonstratinghe detrimentaleffect

of a mismatchbetweentraining andtestingconditions.It is well known that humanlisteners
arenot affectedby theseconditionsto the samedegree.Backgroundhoise,roomreverberation,
andband-limitedspeechlet alonecorversationakpeechgdo not constituteproblemsfor human
speechperception.This differencein performancehasbeenquantifiedin greaterdetailin the

secondstudy[85].

Theauthorcomparefhiumanandmachinerecognitionperformancen six differentspeectcor-
pora,rangingfrom very limited taskslik e digit recognitionto corversationakpeechrecognition
usinganunlimitedvocahulary. Thesecorporaarelistedin Table1.2,togethemith thebesterror
ratesobtainedon thesetasksbothin humanspeectperceptiorexperimentsandin ASR experi-

Word error rate, the standard measure of speech recognizer performance, is defined as 100 -

Insertionst+ Deletions+ Substitutions
#wordsin thetestset )
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Corpus Description Vocahulary Human Machine
size performance | performance

Alphabetletters | Readalphabet
letters 26 1.6% 5%

Resource

Management Readsentences 1000 0.1% 3.6%

North American 5000-

BusinesdNews | Readsentences yplimited 0.9% 7.2%
Spontaneous

Switchboard telephone 2000- 4% 40%
conversations | Unlimited

Switchboard Spontaneous

wordspotting telephone 20 keywords 12.8% 31.3%
cornversations

Tablel.2: Humanvs. machingoerformancémeasuredh worderrorrate)onsix differentspeech
corporaaccordingo [85].

ments.

In additionto cleanrecognitionconditions,mismatchecconditionswere tested.The latter in-
cludedatrtificially reverberatedspeechadditive noise,vocodedspeechandchannelvariability
causedby the useof differentmicrophonedor training and testing. Furthermore someper
ceptionandrecognitionexperimentsvereperformedin the absencef contextual information:
in the caseof humanlistenersthis wasachiezed by embeddinghe wordsto be recognizedn
non-informatve carriersentencewhich werethenreadaloudto thesubjectsjn the ASR exper
imentsthe recognizemasrun without alanguaganodel. Table 1.3 lists someof the resultsfor
theseconditions.

In generalthe word error ratesobtainedby humanlistenersare more thanan order of mag-
nitude lower thanthoseobtainedby automaticspeechrecognizersFurthermorehumanerror
ratesarelow in “clean” listeningconditionsanddo not deterioratemuchin adverseconditions.
Humanperformancas particularly superiorat high noiselevels andwhenlittle or no contex-

tualinformationis available.lt shouldbenotedthatthespeechrecognizersisedn themismatch
experimentslid in mostcasesncludenoisecompensationr noiseadaptatiorcomponentaNev-

erthelesstheir resultsdo not even comecloseto humanperformanceAs a conclusionto this
study the authorsuggestshe following directionsfor future speectrecognitionresearch:

¢ 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%

North American| Addedcar
BusinesNews | noise,0-22dB | 1.1-0.9% 12.8-8.4%
North American| Different
BusinesiNew microphones 0.4-0.8% 6.6-23.9%

Tablel.3: Humanand machinerecognitionratesunder mismatchedconditions,accordingto
[85].

senceof contetual information suggestghat humansperforma very detailedlow-level
acoustiamatch.Therefore emphasishouldbe placedon improving acoustianodelingin
speeclrecognizers.

e noiserobustness betternoiseandchanneladaptatioralgorithmsshouldbe developedto
increasdahe performancen mismatchedonditions.

e modeling of spontaneousspeech the high errorratesobtainedon corversationakpeech
demonstratéheneedfor bettermodelingof spontaneouspeechphenomenasuchasvari-
ability of speakingateor ahigh degreeof coarticulation.

e more sophisticatedlanguagemodeling: anunlimitedvocahulary requireshe adaptation
of languagemodelsto spealer-style variability andrapidtopic-switching.

TheASR approactwedevelopin thisthesismayberegardedasacontributionto solvingthefirst

two of theseproblemsWe will demonstrat¢hatthe acousticmodelingcomponentn a speech
recognizercan benefitgreatly from the articulatoryfeatureapproachby enablingthe acoustic
classifierto make more accuratebottom-updecisions.Furthermorethe robustnessof speech
recognizersn the presenc®f noiseat high signal-to-noiseatioscanbe increasedaignificantly
by includingarticulatoryinformation.

1.2 Overview of Thesis

Theremainderof thisthesisis organizedasfollows:
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In Chapter2 the potentialadvantagesand disadantagef the articulatoryfeatureapproach
will be explained.Previouswork on articulatoryandacoustic-phonetiteaturesn ASR will be
discussed@dndevaluatedn thelight of recentdevelopmentsn speechrecognition.

Chapter3 presentsan articulatory-featurebasedrecognitionsystemfor a small vocalulary

recognitiontask (continuousnumbersrecognition).In this context we will discussarticulatory
featureclassification featureselection,and the mappingfrom featuresto higherlevel lexical

units.We comparethis systento state-of-the-aracoustidbaselinesystemsandprovide anerror
analysisof the characteristidifferencedbetweenthe two systemsRecognitionresultswill be
presentedor cleanspeechaswell asfor reverberantspeechandspeechcorruptedoy additive

pink noise.Furthermoreframe-lezel methodsof combiningboth systemswill beinvestigated
andcombinatiorresultswill be presented.

Chapter extendsthis studyto alargevocalulary corversationabpeechrecognitiontask(spon-
taneousschedulingdialogues).The problemsinherentin the developmentof an articulatory
feature-basedystemfor large vocalulary will be discussedand analyzed.Word recognition
resultswill be givenfor cleanspeechandfor variousnoiseconditions(pink noiseandbabble
noise).Again, both qualitatve and quantitatve error analyseswill be presentedFurthermore,
word-level combinatiorstratgiesandfeature-l@el combinatiorstrateieswill bedescribedcand
evaluated.

Chapters givesa summarydiscussionandsuggestiongor future work.

Notational corventions

Throughouthisthesiswe will use

lowercaséold letters(e.g.x) to denotevectors

uppercasé&reekor calligraphicletters(e.g.2, Q) to denotesets,

uppercas®omanletters(e.g.X) to denoterandomvariables,

uppercase’ (e.g.P(z)) to denoteprobabilitymassfunctions,and

lowercase (e.g.p(z|w)) to denoteprobability densityfunctions.



Chapter 2

Articulator y Feature Representations
for Automatic Speech Recognition

In this chapterwe will introduceand discussargumentsboth in favor of andagainstarticula-
tory featurerepresentations speechrecognition.We will first describein greaterdetail the
particularapproacho acousticmodelingwhich is adwocatedin this thesisand explain its un-
derlying theoreticaland methodologicahssumptionsWe will thengive an overview of previ-
ousapproachewhich make useof articulatoryor acoustic-phonetiteaturerepresentationand
evaluatethemin thelight of recentdevelopmentsn ASR.

2.1 The Articulator y Feature Approach

The articulatoryfeatureapproacho acousticmodelingis schematicallydepictedin Figure2.1.

Thebasicideaof thisapproachs to usea speectsignalrepresentatiowhichis intermediatee-

tweenthe preprocessedcousticsignalandthelevel of subword unit probability estimationand

which bearsan affinity to the articulatoryprocessesinderlyingthe speectsignal. This repre-
sentatioris composeaf probabilities(or, moregenerally scores¥or so-calledarticulatory fea-

tures which areabstracttlasseslescribingthe mostessentiahrticulatorypropertiesof speech
soundsg.g.voiced nasal rounded etc! Articulatory featureprobabilitiesare extractedfrom

the preprocessedcousticsignalby a setof parallel,independenstatisticalclassifiersin asec-
ond step,this articulatoryfeaturerepresentatiois mappedo scoresfor higherlevel subword

units,suchasphonesor syllables.

The particularchoiceof articulatoryfeaturesandthe arrangemenof their correspondinglas-
sifierswhich is proposecdhereis loosely basedon the structureof humanspeechproduction.
Humanspeectproductioninvolvestheinteractionof severalarticulatorycomponent®r dimen-
sionswhich arepartially independenof eachother Thisis reflectedby theexistenceof separate

LOverviews of basicarticulatoryphoneticscanbe foundin [76, 83, 25].
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classifierdor thesearticulatorydimensionsn the modelshavn in Figure2.1. Thefirst of these
dimensionss voicing, whichdescribeshe stateof theglottisandtheactvity of thevocalchords
andwhich is largely independenof articulatoryactvitiesin the oro-nasatract. We canfurther
distinguishbetweernthe mannerof articulation,i.e. the shapeof a constrictionmadeby an ar-
ticulatorin the vocaltract,andthe place of articulation(the constrictionlocation). The fourth
articulatorydimension|ip rounding is largely independenbf mosttonguebody or tonguetip
movementsandcanaffect longerstretcheof the speectsignal.Finally, therelative positionof
the tongueon the front-bad axis is anotherarticulatorypropertywhich often shavs a tempo-
rally independenbehaior. Someof thesearticulatorydimensionsarenot entirelyindependent:
althoughmaost constrictionshapesfor instance,canbe producedat most pointsin the vocal
tract,therearecertainplacesof articulationwhich areincompatiblewith certainmannersf ar-
ticulation: e.g.thereareno glottal consonantsvhich have a lateralconstrictionshape We have
choseno notincorporateheseinterdependencias theform of explicit constrainton the par
allel arrangemenof featureclassifiers The higherlevel classifierwhich performsthe mapping
from thearticulatoryfeaturerepresentatioto largersubword unitsshouldbecapableof learning
restrictionson the co-occurrencef certainarticulatoryfeaturesn adata-drvenway.

Whatarethe potentialadvantage®f this acoustiomodelingstructurefor ASR?Themainargu-
mentsin favor of this approachfall into the following four categories,eachof which we will
discussn turn:

e robuststatisticalestimation,
e coarticulatiormodeling,
e selectve processingand

e noiserobustness/speakindependence.

2.1.1 Robust Statistical Estimation

Thetaskof classifyinganacoustimbsenationvectorx asoneof severalphoneclassegthemost
commontype of subword unit in currentspeectrecognizers)s very complex dueto variability
in the speectsignal.For N phonesthis classificationnvolvesestimating/NV probabilitiesfor a
phonegivenanacoustiombsenationx, P(phone|x) (or, dependingnthe classifierthe N like-
lihoodsof the obsenationx givena phone,P(x|phone)). Assumingthatthe subword unitsin
guestiorarecontet-independenphonesN typically rangedetweerB0and60.In thecascaded
classifierstructuredescribedabove, eachof thelower-level articulatoryclassifiersonly needgo
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MODELING
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FEATURE
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Figure2.1: Articulatory featureapproactto acoustiomodeling.

distinguishbetweena very smallnumberof outputclassesUsually, the numberof classese-

quiredto describean articulatorydimensionrangesfrom 2 or 3 (voicing) to approximatelyl0

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

output classess lower than that of a monolithic phoneclassifier In additionto this, the ar-

ticulatory classifierscanexploit trainingdatain a moreefficientway: sincemanualarticulatory
featureannotation®f speeclsignalsaredifficult andcostlyto producetheonly practicablevay
of generatingraining materialfor the articulatoryclassifierss to corvert phone-basettaining
transcriptionsnto articulatoryfeaturetranscriptionsThis canbe doneusinga canonicallyde-
fined phone-featureonversiontable. Sincearticulatoryfeatureswill generallyoccurin more
thanonephone thetrainingdatafor thesefeaturescaneffectively besharedacrosgphonesThis
leadsto a largeramountof training materialfor eachfeatureclassifier which oftenexceedghe
amountof phonetraining materialby an orderof magnitude.Table 2.1 shavs the numbersof
phoneinstancegandpercentagesf the total numberof phoneinstances)n the GermanVerb-
mobil databasewhich is the speechcorpususedfor the recognitionexperimentsdescribedn
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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 ] 8122 | 0.88
U 20695| 2.16 X 11327| 1.18 o: 8883 | 0.93
h 6910 | 0.72 0O 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 I 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: Phonefrequenciesn the Verbmobilcorpus.Phonesarerepresenteth SAMPA nota-
tion.

Chapter4. Thesecountsare basedon an automaticlabeling of the corpusproducedat the In-
stituteof Phoneticsand SpeechCommunicatiorat the University of Munich2 Table2.2 shavs
the countsfor featurelabelsderivedfrom the phoneannotationdy meansof the phone-feature
conversionrulesshavn in Table A.2 in the Appendix,andthe percentagef phonesin which
eachfeatureoccurs— notethatsincearticulatoryfeaturesoccurin morethanonephone these
percentagesumup to avaluelargerthan100.

Thesetwo properties(a smallernumberof classesand more training material) shouldresult
in a higherrecognitionaccurag in eachof the articulatory classifierscomparedto that of a
single,complex phoneclassifier The hopeis thatthis in turn leadsto a higheraccurag of the
overallclassificatiorproceduravhenthedecisionsnadeby theindividualarticulatoryclassifiers
are combinedby the higherlevel classifier Let us denotethe entire setof articulatoryclasses
by A = a1, as, ..., a;n, Which canbe dividedinto & subsetsA;, A,, ..., Ax — in the particular
partitioningwhich is usedin this thesis,k equalsfive. The setof phoneclassess denotedby
d = ¢1,¢o,...,0,. Eachphoneg;, 1 < i < n canbe encodedasa k-tuple of articulatory
classesay, ..., ax), which is constrainedsuchthat every memberof the £-tuple is contained
in a differentsubsetof A. Thus,a phoneis definedasa setof articulatoryfeaturesonefrom
eacharticulatoryfeaturegroup.Alternatively, all ¢; canbe encodedasvectorsof lengthm, with

2\We aregratefulto Florian Schiel,University of Munich, for providing thesdabels.
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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: Featurdrequenciesn the Verbmobilcorpus.

zerosfor thosearticulatoryfeatureswhich do not contrikbute to the phonedefinition and ones
for therelevantfeaturesThe probability P(¢;|x) of aphoneg; givenanacousticobsenationx
canthenbe derivedfrom the vectorof probabilitiesof all o, 1 < j < m, givenobsenationx.
Ideally, thefeatureswvhich arerelevantfor the phonein questionshouldhave a probability of 1
whereasll othersshouldhave a probability of 0. Underwhatcircumstancesdoesthis cascaded
classificatiorschemdeadto animprovedaccurag of thefinal classificatiorresult?It is difficult
to malke precisepredictionsaboutthis asthefinal classificatiorresultdepend®n severalfactors,
e.g.the relevanceof eachof the lower-level classifieroutputsfor classifyingthe higherlevel
units,thestatisticaimodelingassumptionsf thehigherlevel classifier(e.g.whetheraparticular
distribution of the data,suchasa normaldistribution, is assumed)the individual accuracie®f
thelowerlevel classifiersandthe (in)dependencef their errors.

Let us considersereral possiblesituations First, let us supposehatall individual articulatory
classifiersproducecorrectclassificationsvith a probability of 0.6 andincorrectclassifications
with aprobabilityof 0.4.Let usadditionallymake theassumptionghatthehigherlevel classifier
producesanerrorif andonly if all of the k£ lower-level classifiergoroduceanerror, andthatthe

errorsof the lower-level classifiersare independentin other words, incorrectclassifications
in the differentarticulatoryclassifiersare consideredseparateeventsoccurringindependently
of eachother In this case the error probability of the higherlevel classifieris definedasthe

productof thelower-level classifiers’error probabilities:

P(e|®) = ] P(elAr) (2.1)

i=1

whereP(e|®) is theerrorprobabilityof thehigherlevel classifierand P (e|.Ay) is theerrorprob-
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ability of the £'th lower-level classifier For our currentexamplethis meanghatthe probability
of errorin the higherlevel classifieris 0.4¢ and the probability of beingcorrectis 1 — 0.4*.
For £ = 5, this equals0.01 and 0.99, respectiely. In this case,the cascadectlassification
schemedoesproducea superiorresultcomparedo a simple classifierunlessthat classifieral-
readyachievesavery goodperformancei.e. its probability of erroralreadyfalls belov 0.01.

Let usconsiderthesituationwherethe higherlevel classifiercommitsanerrorif at leastoneof
thelower-level classifiermakesanincorrectdecision.In this case the probability of errorof the
higherlevel classifiercanbe definedas

P(el®) = 1 - [[(1 - P(clAy) (22)

=1

which, in our currentexample,equalsl — 0.4 = 0.92. This might easily exceedthe error
probability of a one-steplassifier

Thus,the cascadedlassificatiorschemenay producewidely differentoutcomesiependingon

thesensitvity of thehigherlevel classifierto the estimationerrorsof thelower-level classifiers,
on the probabilitiesof thoseestimationerrors,andon the error correlation.In thefirst scenario
(all individual classifieranustmake anerrorfor the higherlevel classifierto beincorrect)good
resultsmay be achiezed even whenall or somethe lower-level classifiers’error probabilities
arehigherthanthat of a comparablesingle-stepclassifier This characterizes situationwhere
the individual classifiersmay be not be very accuratebut a large amountof redundang exists

betweenthem.In the secondscenariothereis little or no redundang betweenthe individual

classifiersandtheir error probabilitiesneedto bevery low if thefinal errorprobabilityis to be

lower thanthat of a single-stepclassifier In this case the cascadedlassificationschememay

beusefulonly in situationswherethelower-level classifiersareknown to be highly accurate.

In practice the lowerlevel classifierensembleavill be characterizedhy someamountof redun-
dang, andthedecisionof thehigherlevel classifiewill notbedependenoneitherall classifiers
beingcorrect/incorrecor on a singleincorrectdecision.Furthermorejt will oftenbethe case
thatsomeof thelower-level classesremorerelevantthanothersfor theclassificatiorof higher

level classesA sufficiently powerful higherlevel classifiershouldbe ableto compensatédor

theseeffects.In ary case,it seemdikely thatthe additionalstepof pre-classifyingthe highly

variableacousticsignalinto a setof classesvhich canbe detectedwith higheraccurag pro-

videsfor greatemrobustnesf the overall classificationprocessin Chapter3 thesetheoretical
considerationsvill befurthersubstantiatetdy empiricaldata.
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2.1.2 Coarticulation Modeling

Coarticulationis the modificationof a speechsounddueto anticipationor preserationof adja-
centspeectsounds.Thesemodificationsare causedoy the speechproductionmechanismthe
soundswhich listenersidentify asspeectsegmentsare not producedn a serial,concatenatie
fashionbut emegefrom the coordinationof parallel,overlappingarticulatorygesturesln order
to producethesound[b], for instancethejaw movesupwards,thelips form aclosure followed
by a releaseandthe vocal folds vibrate. The timing of thesegestureshowever, is not simul-
taneoudbut highly overlapping,ascanbe seenfrom Figure 2.2. This figure shows the relative
timing of the velum,tonguetip, tonguebody; lips, andglottis gesturesluringthe productionof
the Englishword pan andis an abstractrepresentationf the actualarticulatormovementsas
determinedy X-ray studieq19]. Theboxesrepresenthetemporalextensionof themovements
of thearticulatordistedontheverticalaxis.lt is obviousthatthe gestureproducedoy different
articulatorswhich make up the phoneticsegmentson the horizontalaxisdo not follow identical
temporalscheme$ut arelargely desynchronized.

4 A\
Velum wide

Tongue
Body

wide pharyngeal

Tongue closed
Tip alveolar

closed

Lips labial

Glottis .
wide

Figure2.2: Relative timing of articulatorygesturedor the productionof the Englishword pan,
after[19].

Dueto theinherentinertiaof articulatorsarticulatoryconstellationglo not changeapidly from
onespeeclseggmentto thenext. Rather gesturegvolverelatively slowly overtime andtypically
cover time spanscontainingseveralspeectsegments.The spectrapropertieof thesesggments
are accordinglyaffectedby the way the gesturechangeghe vocal tract resonanceroperties.
Thesespectraimodificationsform a continuumfrom highly perceptiblechangesausinga shift
in sggmentidentity, over perceptiblebut non-distinctve changesto subtle effects which can
not be perceved by the humanearbut which may have an effect on the statisticalmodelof the
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soundin question An exampleof thefirst caseis the assimilationof nasalgto following stops
commonin mary languagese.g.i/n/ Britain — i[m] Britain. The secondcateyory includes
phenomendik e the shift in the placeof articulationof velar plosvesdependingon the quality
the following vowel: the [k] in kitchen for instance hasa more palatalquality thanthe [K] in
car. All instancef coarticulationinfluencethe acousticrepresentationf speechsoundsand
may obscurehe mappingfrom acoustigparameterso speectsoundmodels.

The most commonway to approachthis problemin speechrecognitionis to use context-

dependenacoustianodels suchasbiphonesor triphones|in this case separatenodelsarecon-
structedor segmentyphones)n differentcontexts. Thus,a/u/ betweent/ and/b/, for instance,
wouldreceve adifferentmodelthana/u/ betweenk/ and/l/. Dependingonthevocalulary size,
this approachmay yield a very large modelset. This in turn may leadto severeundertraining
of the lessfrequentcontext-dependenimodels.for which only a few traininginstancesnay be
presenin thetraining databasevariousremediesanbe appliedto alleviatethis problem,such
asinterpolatingthe parameter®f undertrainednodelswith thoseof well-trainedmodels[77],

meing similar modelson the basisof phoneticknowledge[32] or by meansof data-drven

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

tying the parameter®f different context-dependentmodels[125]. Anotherway of modeling
coarticulations to addexplicit pronunciatiorrulesto therecognitionlexiconin orderto capture
thosecoarticulationrphenomenavhich canbedescribedatthelevel of phonesymbols,.e.those
which causea changen sggmentidentity. Theseusuallytake theform of alternatve pathsin the
(phone-basedfansitionnetworksfor lexicon entries.

Theseapproachegynorethe actualsourceof coarticulationandthe potentialadvantagesvhich
might be gainedfrom a direct descriptionof this source As articulatorystudies[18, 19] have
shown, mostcoarticulatoryphenomenaanbetracedbackto atemporaland/orspatialreogani-
zationof articulatorygesturesGesturesnay be compressed,e. overlapfor longertime spans,
for instancedueto increasedspeakingate,or they may have a smallermagnitudgarticulatory
undershoot)lf it werepossibleto constructareliablearticulatoryrepresentatiorgoarticulatory
phenomenanight be modeledsimply in termsof thesebasicmanipulationsof articulatoryges-
tures.In the spectralor cepstraldomain,by contrastthesegesturaimodificationsmay generate
comple patternswvhich aredifficult to interpretor to model.

Articulatory featuresarerelatedboth to the acousticsignalandto higherlevel linguistic units,
suchasphonesandsyllables.They thereforeprovide a more suitabledescriptionlanguagefor
pronunciatiorvariants allowing wordsin therecognitionlexiconto berepresentedotin terms
of rigid phonesequencesut in termsof parallelsequencesf articulatoryfeatureswhich are
looselysynchronized.
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2.1.3 Selective Processing

It isreasonabléo assumehatdifferentaspect®f articulationexhibit differentdegreesof robust-
nessanddo not deterioratg(in termsof their ability of beingrecognizeccorrectly)to the same
degree underadwerseacousticconditions.Voicing distinctions,for instance,can be detected
fairly robustly acrossa variety of acousticconditions[26]. The detectionof placefeaturespy
contrastjs presumablyessrobustasit requiregecoveringthepointof articulatoryconstrictions
in the vocal tract mediatedby the acousticsignal. The acousticchangesnducedby different
constrictionlocations,however, areheasily dependenbn spealers’ vocaltract characteristics.
A classifierstructurewhich is basedon the decompositiorof speecltsoundsnto their articula-
tory componentganexploit this propertyby selectvely applyingdifferentprocessingtrategies
to the differentsub-classifiersndependentlyThesestratgiesmay involve the useof temporal
windows of differentlengths,separatdeatureextraction front-ends,and differentspeechen-
hancementr modeladaptatioralgorithms.In additionto beingableto selectvely focusonthe
more robust properties this techniqueopensup possibilitiesfor more constrainedadaptation
proceduresn thatadaptatioronly needgo be appliedto the modelsof thosefeaturesvhich are
moststrongly affectedby noiseor spealer variability. Furthermorethe articulatoryclassifiers
themselesmay differ: the classifiertype, the compleity (the numberof free parameters)and
theinitialization or training proceduresnay be tunedto the specifictasksthey needto perform.

In additionto usingselectve processingtratgiesat the first classificationstage the contribu-

tions of the sub-classifierso the overall classificatiortaskmay alsobe weighteddifferently by

the combinationmoduledependingon the context. The combiningmodulemay, for instance,
usean assessmerntf the signal-to-noisaatio as a basisfor assigningweightsto the various
sub-classifiersAlternatively, this kind of selectve adaptatiormight be achiezed by re-training
thecombinationmoduleon a smallamountof noisy speectdata.

How doesthe AF approactcompareo otherapproaches decompositionahcoustianodeling?
Anotherprominentdecompositionainodelwhich hasrecentlygainedpopularityis theso-called
subbandnodel.In subbandsystemg17, 15, 16, 35, 90] theacoustidrequeng bandis decom-
posedinto a numberof narraver frequeng bands,subbandsin eachof thesesubbandsthe
subword unit probabilitiesare estimatedseparatelyand combinedby a higherlevel classifier
(seeFigure2.3). This schemeéhascertainparallelsto our model:bothapproacheemploy acas-
cadedclassifierstructurewherethe higherlevel classifiercombineghe probability estimate ©f
the lower-level classifiersHowever, therearealsoa numberof importantdifferencesfirst, the
classifiersin eachsubbandandthe combiningclassifiersharethe samesetof outputclasses,
I.e. they all estimateprobabilitiesfor the samenumberandthe sametype of classesCompared
to afull-bandclassifier however, thesubbandlassifiergeceve lessinformationsincethey only
have accesso asmallportionof thefull frequeny band.Thus,in asubbandystentheinputsto
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Figure2.3: Subbandystem.

eachlower-level classifierprovide a reducedamountof informationbut the classifiersarenev-
erthelesgequiredto performataskwhich hasthe samecompleity asthatof the higherlevel
classifier In the AF model,by contrasteachlower-level classifierrecevesthe sameamountof
informationbut is tunedto aspecializectlassificatiortask,eachof which haslower compleity
thanthetaskof thehigherlevel classifier Anotherdisadwantageof the subbandapproachs that
asubbandystems notableto optimally exploit trainingmaterialby sharingdataacrosgphones.
Furthermorethesubbandpproacheliesontraditional(phonemicsubwordunits,whichdonot
offer the sameadwantagessthe AF approactwith respecto coarticulatorymodeling.Another
differences thatthereexists greatuncertaintyasto how mary subbandshouldbe usedwhich
bandwidthsthey shouldhave, andwhetherthey shouldoverlap or not. Variousschemeshave
beensuggestedseethereferencesibore); it seemdo bethecasethatno singlesubbandgcheme
can be identified which works equally well acrossdifferenttasksandrecognitionconditions.
This mayentailthe needfor aredefinitionof the subbandsvhenswitchingto a differentrecog-
nition task,which is undesirableThe AF approachdoesnot suffer from this problem:whereas
a certainamountof unanimity doesexist with respecto the exactfeaturesetwhich shouldbe
usedn anAF systemhebasicstructureof the systemandthe choiceof featuresareconstrained
by a modelof the humanspeechproductionmechanismandarethuslesstask-dependenthe
only casein which a subbandsystemmight theoreticallyshaov anadvantageover an AF system
is when(a) the signalis corruptedoy narrav-bandnoise,and(b) the bandwidthof the noiseis
known in adwvance.In this case subband€anbe definedsuchthatthe noise-corruptedgubband
canbe completelyexcludedfrom the higherlevel classificatiorstep,which would not be possi-
ble in an AF-basedsystem However, the characteristicef backgrounchoisearegenerallynot
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Figure2.4: Trajectoriesof vertical movementsof tonguedorsum,tonguetip andlower lip for
labial, coronal,andvelarsoundsFrom Papcun1992[97].

known in advanceunderrealistictestconditions.An online adaptatiorof the subbandsplit ac-
cordingto anestimateof the noisebandwidthwould necessarilyntroducea mismatchbetween
trainingandtestingconditionsandis thereforenfeasible For thesereasonsye considethe AF

schemahe moreadwantageouslecompositionahcoustianodelingapproach.

2.1.4 Noise Robustness/Speaker Independence

To the extent that abstractpseudo-articulatoryeaturesare able to reflectthe actualarticula-
tory propertiesof speechthey alsooffer the advantagef noiserobustnessandspealer inde-
pendencewhich areusuallyascribedo genuinelyarticulatoryrepresentation@&irect physical
measurementsf articulation).

Although spealersdiffer with respecto the preciseshapeand magnitudeof their articulatory
gesturesarticulatorytrajectoriespertainingto particularspeechsoundsshav remarkableuni-

formity acrossspealers.Figure2.4 shovstonguetip, lower lip andtonguedorsumpellettrajec-
toriesfor differentconsonantasrecordedn an X-ray microbeamexperiment[97]. Thesetra-

jectorieswerenormalizedfor durationand magnitudebeforecomputingthe correlationacross
trajectoriesalsoshowvn in Figure2.4. It is obviousthateachgroupof consonantsvhich share
thesameplaceof articulation(locationof the constrictionin thevocaltract) canbeidentifiedby

acharacteristid¢rajectoryof the active articulator which shavs very little variation.

Thesearticulatorymovementsareoftenreflectedn the acousticsignalby a characteristispec-
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tral pattern,suchasthe developmentof formantfrequenciesover time. For instancejt canbe
obseredthatlip roundingcauses dowvnwardshift of all formants in the spectrumThesepat-
ternsarein principle independentf the vocal tract lengthsof differentspealersandacoustic
conditionssuchasreverberatiorandadditive noise.

It is well known that differentvocal tractlengthshave a severe effect on acousticspeectsig-
nalrepresentationg.helengthof thevocaltractcauses quasi-linearshift of frequenciesn the
acousticsignal:ashortewocaltract,asin childrenandfemalespealers,causesrequeng enegy
to shift upwardswhereasa longervocaltractis characterizedby lower frequenciesMoreover,
thedegreeof thefrequeng shift depend®n the vocaltractconfiguration:openvocaltractcon-
figurations(configurationsduring the productionof openvowels) are more severely affected
thanclosedconfigurationsTheseeffectsmaybebalancedy so-calledvocal TractLengthNor-
malization(VTN). In VTN [67, 36] a scalingfactor k is appliedto the preprocessedpeech
signalto achiese alinearfrequeng warping,

fr=kf (2.3)

which is expectedto normalizethe variabilities introducedby differentvocal tract lengthsof
differentspealers.In [67], an exhaustve searchs performedto find the optimal scalingfactor
k, for eachspealer s during training. During decoding,the utterancef eachspealer were
decodedvith twentydifferentscalingfactors.Thatdecodingwvhich maximizedthelik elihoodof
thedatawasthenselectedsthe optimalhypothesisin [36], a parametri@pproachs suggested
which eliminatesmuchof the computationabverheadassociateavith the exhaustve searchfor
the optimal scalingfactor Underthis approacha formantconfigurationis estimatedor each
spealer andthe scalingfactoris computedrom the medianof thethird formant(F3) in relation
tothe F3 medianacrossll otherspealers.Althoughthisandotherrecenimprovementso VTN
malke the methodmore practicable VTN is associatedvith additional computationaleffort.
Articulatory classesby contrast,are mainly determinedoy relative acousticpatternssuchas
thedirectionof formantmovementsor the relative distancebetweenformants.For this reason,
they can be expectedto be more robust to vocal tract length differencesthan direct spectral
representations.

Most currentacousticspeechrepresentationare basedon the log-spectrunof the signal. For
the computationof the log-spectrunthe signalis first subjectedo a windowed Fast Fourier
Transform(FFT). The outputis thenpassedhrougha filterbank;in the caseof mel-frequeng
cepstralcoeficients (MFCCs), which are the mostwidely usedspeecheatures,t consistsof
a setof trapezoidafilters f, f, ..., f, €quallyspacedalongthe mel-scale.The mel-scalewas

3Formantsarethosefrequenciesn the spectrunof the speectsignalwhich areassociateavith relatve maxima
of enegy.
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developedon the basisof humanauditory perceptionexperimentg115] andis approximately
linearbelow 1 kHz andlogarithmicabove. It canbeapproximatedby thefollowing formula[42]

/
+ %) (2.4)

Subsequentlythe log, /;, is taken of the amplitudein eachfilterbankchannel,f;. Finally, the

Mel(f) = 2595l0g10(1

cepstrums computedoy meansof the DiscreteCosineTransform(DCT):
2 M o,
¢ = N;ljcos(ﬁ(] —0.5)) (2.5)

MFCCshave the advantageof modelingthe quasi-logarithmidrequeng resolutionof the hu-
manear The DCT yields the additionaladvantageof orthogonalizingthe coeficients, which
canbeimportantif anacousticclassifieris employedwhich doesnot modelthe correlationbe-
tweendifferentcoeficients,suchasa single-mixtureGaussiarclassifierwith diagonalcovari-
ance However, thelog operatiorhasthe effect of emphasizingavensmalllevelsof background
noise.Furthermorethe DCT spreadshis effectacrossall coeficientsalthoughnoisemayorigi-
nally only be presenin somefrequeng regions.For this reasonjog-spectratepresentations
generalandMFCCsin particular areespeciallysensitve to noise.

Both signal-base@ndmodel-baseanethodshave beendevelopedto compensatéor noiseand
channekffects.A signal-basednethodfor remaoving long-termspectrabiaseds CepstraMean
Subtraction(CMS), wherethe meanof the cepstralcoeficientsis first computedover some
amountof data(the entire utterancen the caseof off-line applications)andis thensubtracted
from eachfeaturevector An exampleof a model-base@daptatiormethodis MaximumLik eli-
hoodLinear Regression(MLLR) [80, 49]. Underthis approacha setof lineartransformations
is appliedto the meansandvariancesf the modelsin a Gaussiammixture system.Thesetrans-
formationmatricesareestimatedsuchthatthelik elihoodof the adaptatiordatais maximized.

The variousmethodsfor spealer and noiseadaptationare successfuto somedegreebut it is
obvious that they frequentlyinvolve considerableadditionalcomputationakffort. It would be
desirableo employ featureswhich areinherentlylesssensitie to noiseandspealer variability
or a classifierstructurewhich allows thesealgorithmsto be employed selectvely, in orderto
minimize adaptatiorrequirementsThe articulatoryfeatureapproactpotentially offers both of
theseadvantages.

2.2 Relation to Human Speech Perception

At this point it might be aslked whatrelation,if arny, the articulatoryfeatureapproachbearsto
humanspeeclperception.
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Fromthe 1950sto the 1970s,a numberof perceptuatonfusionstudieswerecarriedout, which
have often beencited asa sourceof evidencesupportingthe assumptiorof perceptuakeality
of articulatory/acoustic-phonetieatures.Thesestudies(e.g.[89, 113, 120]) have shavn that
perceptuatonfusionsof vowels andconsonantsindercleanandnoisy listeningconditionsof-
ten patternalong articulatory dimensions:seggmentswhich are highly confusablecan mostly
be describedasdiffering in only oneor two articulatoryfeatures Miller andNicely [89], for
instance studiedthe confusionof initial consonantdefore/a/ in nonsensesyllablesin clean
speechfiltered speechand speechwith additive white noiseat varioussignal-to-noiseatios.
200syllableswereproducedoy five differenttalkersandtranscribedy four differentlisteners.
For eachacousticcondition, the confusionmatricesof spolen vs. perceved consonantsvere
computedcandanalyzedWhereasigh-pasdiltering of the speectsignal(the lower cut-off fre-
gueng rangingbetween2000-4500Hz) led to randomlydistributed perceptionerrorswhich
did not shov ary phoneticpattern,clean,low-passfiltered and noise-maskd speechmostly
producedconfusionsamongsegmentswhich weresimilar in articulatoryterms,e.g.confusions
of the voicedandvoicelessstops/b/-/p/, Id/-1t/, Ig/-Ik/. All consonantsverethengroupedinto
superclassedefinedby the five articulatorydimensionsvoicing nasality, frication, duration,
placeandthe mutualinformationbetweenthe spolen andthe transcribedclasswascomputed
accordingto

P(X)P(Y)

I(X;Y) :—Zp(X,Y)log PX.Y)

X,Y

(2.6)

whereX andY arerandomvariablesrepresentinghe spoken and transcribedclass,respec-
tively. It wasfound that the five individual mutualinformation valuesaddedup to the mutual
informationfor the phoneclassesprovided the sumwasnormalizedby a correctve factorfor
theredundang in theinput. The authorsconcludedrom this thatthe five featuregroupswere
perceptuallyindependentand proposedhe multi-channelmodel of speechperceptionwhich
assumeshe existenceof independenperceptuathannelsassociatedvith anarticulatoryinter-
pretation theoutputof whichis combinedo identify phoneclassesThemulti-channeimodelis
thusvery similar to theacoustiomodelingapproactproposecere.NotethatMiller & Nicely’s
experimentsdo not prove the existenceof five perceptuathannelsvhich correspongrecisely
to theabove featuregroups.Theinterpretatiorof their datais to someextentpre-determinedy
thea priori choiceof the five descriptve cateyories.Thereis no evidencewhich disprovesthe
existenceof fewer or more thanfive perceptuachannelsit shouldalsobe emphasizedhat a
distinctionshouldbe madebetweerthe claim thatarticulatoryfeaturesactuallyare the units of
speechperceptiorandbetweerthe factthatthey may sene asconvenientlabelsfor describing
certainperceptuapatternsAlthougharticulatoryfeaturesdescribeMiller andNicely’s findings
mostconciselyandnaturally nothingsuggestshathumanlistenersactively exploit themin the
procesf speechperception.
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An additionalsourceof evidencein favor of the perceptuateality of articulatoryfeaturescomes
from similarity judgmentexperiments.n thesestudiesit wasfound that soundswere judged
moresimilar by humanlistenerswhenthey hadmorearticulatory/phoneti¢eaturesn common
[99, 54].

More recently Ghitza[53] establishedh mappingbetweenJalobsons [64] distinctive phono-
logical featureqwhich partially overlapwith articulatoryfeatures)andspecifictime-frequenyg
regionsin diphoneghroughso-called‘tiling” experimentsSubjectsverepresentedvith CVC
(consonant-ewel-consonantyvordsdiffering in the initial or final diphoneandwere asked to
performanABX listeningtest,i.e.threestimuliwereplayedto thesubjectof whichthethird had
to beidentifiedaseitherthefirst or theseconne.The CVC lists weremodifiedby dividing the
signalportionsbelongingto the diphoneinto six equaltime-frequeng regions (“tiles”), which
were then interchangedharadigmaticallyBy analyzingthe resulting perceptualconfusionsa
directmappingcouldbe establishedetweercertaintime-frequenyg regionsanddistinctive fea-
tures.Sincetime-frequenyg informationcanfurtherberelatedto auditory-nerefunction,it may
beconcludedrom this studythatthefeaturesnvestigatedhave perceptuateality by beingcoded
in theauditoryperiphery

Therearesomephoneticandpsycholinguistidheorieswhich take an extremepoint of view on

the questionof the perceptuakelevanceof articulatory categyoriesand claim that articulatory
categories(alsotermedmotorcommand®r articulatorygesturesgxclusively form the basisfor

humanspeeclhperceptionj.e. thatlistenergperceve soundsoy reconstructingherelevantartic-
ulatory gesturedrom the speechsignal. The first theoryof this kind wasthe Motor Theoryof

Speeh Perception proposeddy Libermanin 1967[81] andrevisedLibermanandMattingly in

1986[82]. Fowler'sModularity Theory[45] andBrowmanandGoldsteins Articulatory Phonol-
ogy [18] alsofall into this cateyory:.

The main agumentof the Motor Theoryin supportof articulation-basedpeechperceptions
thefactthatacousticcorrelatef phoneticcategoriesarenotuniquelyidentifiable.Dueto coar
ticulation the acousticpropertiesof a given sounddiffer widely in differentphoneticcontexts.
It hasbeenshown in speeclperceptiorexperimentge.q.[86])that phoneticdistinctionssuchas
voicing canbesignaledby a variety of acousticcues All of thesecuescanassume distinctive
functionin certaincontets; however, noneof themis indispensabléor the discriminationof
phoneticcatgyoriesbecausat canalwaysbe substitutedby setsof othercues.Thus,it seems
impossibleto enlistthoseacoustigropertiesvhich areresponsibldor the perceptiorof speech
soundsacrossall contexts. Furthermorethe proponent®f Motor Theoryarguethatit is cogni-
tively moreplausibleto assumehathumanspossess singlerepresentatioand/orprocessing
modulefor boththe productionandthe perceptionof speectthanto positthe existenceof two
separatehighly specializedmodulesfor thesetasks.lIt is proposedthat productionand per
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ceptionsharea commonrepresentatiomnd perhapsa commonprocessingstrateyy, which are
presumablynnate.

The motortheoryseemsbe supportedoy certainexperimentalfindingsandempiricalobsena-
tions,suchasthefactthathumanlistenersjn situationsvherethey encountespeectperception
problems,involuntarily mouththe correspondingarticulatorymovements.On the otherhand,
therearelistenerg(speech-impaireddultsandprelinguisticinfants)who areincapableof artic-
ulating speechsounds put who are neverthelessableto processandunderstandgpeechThus,
knowledgeaboutarticulatorygesturesioesnot seemto be critical for the perceptiorof speech.
Furthermorethe agumentadducedagainstan auditory theory of speechperceptionyviz. the
variety of acousticcues,canin principle alsobe appliedto the Motor Theoryitself: although
articulatorygesturesaswe have alreadynoted,are contectually lessvariablethanacousticpa-
rametersthey needto beretrievedfrom the acousticsignal,which requiresa similarly complex
transformatioraspurelyauditoryspeectperceptionln sumi,it is highly questionable¢hatartic-
ulatorygesturesareindispensabléor the perceptiorof humanspeectsoundsHowever, it does
seemlikely thatin certainsituationsarticulatoryrepresentationsanhelpclassifyspeectsounds
into linguistic categories.

2.3 Drawbacks

Despitethe advantagesof articulatory representationslescribedabove, most state-of-the-art
speechrecognitionsystemsdo not incorporateary articulatoryinformation. This can be ex-
plainedby thetwo majordravbacksof articulatoryrepresentationdirst, it is difficult to reliably
extract articulatoryparametergrom the acousticsignal; second the useof articulatoryinfor-
mation requiresadditional processingwhich hasup to now preventedthe integration of this
approachnto large-scaleapplications.

The only feasibleway to make useof articulatoryinformationin speechrecognitionis to map
the acousticsignalto an articulatoryrepresentationThis is a necessaryrerequisitebecause
direct articulatorymeasurements.g. in the form of X-ray data,are not availablein normal
speechapplications However, the reconstructiorof articulatorymovementsfrom the acoustic
signalis greatly complicatedby whatis usually termedthe inversion problem The inversion
problemdenoteghe lack of a one-to-onemappingbetweenarticulationandacousticsWidely
differing articulatoryconstellationangenerataighly similar acoustigpatternsThis hasbeen
demonstratedmpiricallyin so-calledbite-blockexperimentg51]. In thesesxperimentsubjects
wereaskedto producespeectwhile their articulationwasartificially impairedby a physicalob-
structionin the vocal tract. Under a variety of differentobstructionconditions,subjectswere
still ableto generateperfectly intelligible speechshaving similar acousticpatterns.The in-
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versionproblemalso besetshe reversetransformationfrom acousticso articulation.Atal et
al. [3] investigatedacoustic-articulatorynappingwith the objective of computingan inverse
of the articulatory-to-acoustitunction. Using a computefsortingtechniqueto derive formant
bandwidthsandamplitudesfrom articulatoryvariablessuchascross-sectionareasof the vo-
caltract, they noticedthat“large ambiguitieswere obsered. Large changesn the shapeof the
vocaltractcanbemadewithout changingheformantfrequencies([3]:1555). This obsenation
hasbeenreplicatedn severalsubsequergtudiesconcernedvith finding anacoustic-articulatory
mappingfunction, e.g.[13, 106,107, 105. In sum,the relationbetweenmacousticsandarticu-
lation is non-uniqueandhighly non-linear However, althoughthe mappingproblemcannotbe
solved deterministically it canbe conceved of asa problemof statisticalpatternrecognition,
wherepowerful (nonlinear)classifiersandsufiicient training materialmay contritute to estab-
lishing a robust mappingbetweenacousticnput dataandarticulatoryclassesn a probabilistic
fashion.Moreover, inversionmay constitutea seriousproblemfor local classificatiorbasedon
asingleacoustidramebut may be easierto performover alongertime spanconsistingof mul-
tiple frames.Thus,dynamicconstraintsncorporatingstatisticsof the durationsof articulatory
gesturesnay greatlysimplify theinversiontask.

The secondreasonwhy articulatoryrepresentationbave not beenusedextensvely in speech
recognitionsystemss the additionalcostassociatedvith them.If articulatoryparametersre
statisticallyextractedfrom theacoustiaepresentatiorgnadditionalprocessingtepis required.
Computingan inversetransformatiornof the articulatory-acoustienappingis similarly expen-
sive, asit usuallyrequiresa searchof the articulatoryspace However, this additionalcostmay
be acceptablef it simplifieshigherlevel processingsuchasthe evaluationof acousticnodels
or thelexical searchduringdecoding Furthermorea modular parallelrecognitionarchitecture
may be capableof handlingthe additionalprocessingequirementsn realtime.

2.4 Previous Work

Therehave beenseveral previous attemptsat using eitherarticulatoryor acoustic-phonetim-
formationin ASR. Thesefall into threemain cateyories,viz. the extractionof articulatorypa-
rametergrom directphysicalmeasurementsg/ticulatory/acoustic-phonetieaturesystemsand
articulatory-baseg@reprocessing.

2.4.1 Direct Physical Measurements

The mostdirect andaccuratenvay of describingarticulationis to physicallyrecordthe move-
mentsof articulators Variousmethodshave beendevelopedfor this purposeg.g.cineradiogra-
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phy, wheremetalpelletsareattachedo asubjects articulatorgtypically lips, tonguetip, tongue
dorsumandjaw), whosemovementsarethenrecordedy X-ray. Thedisplacemenof thepellets
from the neutralpositionacrosdimeyieldsafairly accurateaccounof articulatorymovements.
Papcunet al. [97] and Zackset al. [126], usedX-ray microbeamdatacoupledwith acoustic
data(FFT-basedark-scaledoeficients)to mapacoustigparameterso articulatorytrajectories
usinga neuralnetwork. WhereasPapcunet al. [97] describethe mappingfrom acousticdo ar
ticulatorytrajectoriesandarticulatorygesturesn detail,anactualapplicationof thetechniqueo
vowel recognitionis describedn the paperby Zackset al. [126]. The datasetusedfor training
andtestingconsistedf 45 words (3 repetitionsof 3 wordsspolen by 3 spealers),eachword
containingonevowel. In one experiment,this datasetwasusedfor both training andtesting;
in a secondexperiment,all datafor one spealer wasdeletedfrom the training setandusedas
thetestset.A vowel recognitionaccurag rateof 96% wasobtainedor thefirst experiment;the
secondexperimentyielded87%accurag.

2.4.2 Articulator y Feature Systems

A numberof speectrecognitionsystemshave beenbuilt which usearticulatoryfeaturessimilar
to the approachdescribedn this thesis.A closely relatedconceptis the conceptof “distinc-
tive features”in phonologicaltheory[23]. Distinctive featuresystemsandarticulatoryfeature
systemsoften include similarly namedfeatures;however, thereis an importantdistinctionto
be made Distinctive featuresystemsvereprimarily developedfor the purposeof phonological
classificationand thus may include featureswhich bearlittle relationto physicalparameters.
Examplesof theseare syllabic or consonantaivhich have the functional purposeof grouping
togethercertainclasse®f speectsounds- they do not have uniquecorrelatesitherin acoustic
orin articulatoryspaceln thisthesiswe explicitly restrictour setof featuredo thosewhichcan
be expectedto have well-definedcorrelatesn articulatoryspaceandexcludearny functionalor
purelyacousticallydefinedfeatures.

In the following discussionof feature-basedpproachesn ASR we will neverthelessnclude
thosestudieswhich usedistinctive or acoustic-phoneti¢eatures.The commoncharacteristic
of theseapproachess that a pre-definedset of featuresis establishedor the languageunder
investigation.Thesefeaturesare then detectedfrom the acousticspeechsignal by meansof
statisticalclassifiersandaresubsequentlysedto definehigherlevel unitslike phonessyllables
or words.

Oneof theearliestsystemsvhich make useof articulatoryfeaturesvasreportedoy Schmidbauer
[110]. Schmidbauedevelopeda speechrecognizerfor Germanusing 19 articulatoryfeatures
describingmannerandplaceof articulation.Theseweredetectedrom the preprocessedpeech
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signalby meansof a Bayesclassifier The posteriorfeatureprobabilitieswere concatenatetb
articulatoryfeaturevectors(AFVs), which werethenusedasinputto phonemichiddenMarkov
models(HMMs). On a small databas€about10-15minutesfor both training andtesting),an
improvementf 4% overastandardystenmbasedn MFCCswasachieved. Theauthorobsenred
that the AF systemwas more robust towardscross-speadt variability and shoved a smaller
varianceof recognitionaccurag acrosdifferentphonemeclasseshanthe MFCC system.

Dalsgaardand colleagueq29, 114 usedthree-aluedarticulatoryfeaturesfor the purposeof
multi-lingual labeling. 20 (Danish)to 25 (British English) featureswere detectedby a self-
organizingneuralnetwork (SONN). The SONN outputwasusedasinput to multivariateGaus-
sian mixture phonememodels,which were usedfor automaticlabel alignmentby a Viterbi
algorithm.Theresultwasevaluatedwith respecto a manualannotatiorof labelboundariesbut
no comparisorof recognitionaccuray to a standardacousticsystemwasgiven.

Eide et al. [37] used14 acoustic-phonetifeaturesfor broadclassphoneticclassificationand
keyword spottingfor an AmericanEnglishdatabaseThesefeaturesmostly hadan articulatory
interpretationbut also includedfunctional featureslike consonantaland continuant Feature
probabilitieswerederived usingGaussiarclassifiersafter having obtaineda broadclassViterbi
segmentationof the waveform. Phonemeprobabilitieswerethendefinedby a productcombi-
nation of featureprobabilities,togetherwith a durationmodel. Underthis schemea phoneme
classificationaccurag of 70% was obtainedon the TIMIT databaseFor the purposeof key-
word spotting, the sameapproachwas usedon narrov-band (telephone)speech.Significant
improvementsverealsoobtainedwvhenabaselindFCC-basedystemwascombinedwith the
feature-basedystemby meansof a costfunctioninvolving hand-tunedveights.

Probablythe mostelaboratearticulatoryfeaturesystemhasbeendevelopedby Dengandcol-
leagued31, 40, 34, 33, 41]. The authorsused18 multi-valuedfeatureso describethe four di-
mension®f voicing, placeof articulation,verticaltonguebodymovementandhorizontaltongue
body movement.Furthermorethey modeledthe speeclsignalasa sequencef targetarticula-
tory vectorsinterspersedvith transitionalvectors.Targetvectorsweredefinedby a rule-based
combinatiorof articulatoryfeaturesThetransitionalvectorswereunderspecifiedeaturesvere
allowedto assumeary phoneticallyplausiblevalueintermediatebetweerthe value of the pre-
vious target vectorandthat of the following target vector Individual vectorscorrespondedo
HMM states;all possiblevectorswere combinedinto a single egodic HMM whosetransi-
tionsandemissionsveretrained.Early experimentgeportedarelativeimprovementof 26%on
averageover a conventionalphonemeHMM on a consonant-swel spealker-independentlas-
sification task. Phonerecognitionexperimentson the TIMIT databasegieldeda 9-14%rela-
tive improvementcomparedo the acoustichaselinesystem Finally, on a spealerindependent
medium-sizedvord recognitiontask,the AF recognizerachiezeda 2.5%relative improvement
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comparedo asingle-componenGaussiamixture phonemeecognizer

Furtherresultson phonetic-featurelassification(including articulatoryfeaturesyverereported
in Windhaueretal. [123]. 18 featuresveredetectedusingtime-delayneuralnetworks;the out-
putswere multiplied to yield phonemeprobabilities.Recognitionresultswere reportedon the
ALPH English spelling databasehowever, no comparisornto a standardacousticsystemwas
given.

Eleniusetal. [39, 38] comparechybrid ANN/HMM classifierssor phonemeecognitionbased
onspectrals.articulatoryrepresentationS§evenphoneticfeaturesvereusedasanintermediate
levelin aphonemeclassifierandcomparedo a phonemeVLP withoutary intermediatdeature
level. On a spealer-dependenspeectdatabaseonsistingof 50 sentencefor bothtrainingand
testingtheauthordoundthatthe spectraktlassifierperformedbetter However, they did obsene
anadwantageof thearticulatoryfeature-basedlassifierfor spealkr-independentiata.

2.4.3 Articulator y Preprocessing

The approachesvhich can be groupedtogetherunderthe label “articulatory preprocessing”
seekto develop a parameterizatiof the speechsignal which enhancescoustic-phonetior
articulatoryinformation.No statisticalclassifications involvedto extractthesecategories;in-
steadspecializepreprocessinfront-endsaredesignedasedn knowledgeabouttheacoustic
correlate®f thecateyoriesin question.Thus,correlategor featuredik e noncontinuantfricated,
palatal, etc. aredefinedin termsof enepgy in specificfrequeny bands,enepgy ratiosbetween
differentbands zero-crossingates,normalizedauto-correlatiorcoeficients,etc.

Bitar & Espy-Wilson [11, 12] usedarticulatory parameterss input to HMMs for phoneme
classificationComparedo MFCCs, relative improvementsof up to 11%wereachievedon the
TIMIT databaseTheseimprovementswere particularly obvious in caseswheretherewas a
gendemismatchbetweerthetrainingandthetestdata.

Varnich-Hansefb7] alsodescribedhedevelopmenbf novel acoustiqgparametersor distinctive
featureandphonemeelassificationClassificatiorresultsweregivenfor the TIMIT databaséut
werenot comparedo standardacousticparameters.

Ali et al. [1] developedan acousticfront-endfor the recognitionof fricatives, which identi-
fied voicing andplaceof articulation.The front-endconsistef critical-bandfilters, a hair-cell
synapsénodel,andageneralizegynchroly detectorRelevantacoustideaturesncludedenegy
in differentfrequeny bands relative amplitudeand spectralshape This modelwastestedon
fricativesexcisedfrom the continuousTIMIT databaseRemarkablyhigh accurag rates(95%
for voicing, 93%for placeof articulation)werereported.
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RameshandNiyogi [93, 102 concentrateaxclusively on the voicing featureandon improv-
ing discriminationbetweenstop consonantsA detectorfor voice onsettime (VOT) basedon
crosscorrelationand dynamicprogrammingwas usedto classify segmentsaseithervoicedor
unvoiced.This classificatiorwasperformedafter a first-passsegmentatiorhadbeencarriedout
by a corventionalHMM system.This stratgy led to an overall reductionof 48.7% of stop-
consonantdentificationerrorrateobtainedon a spellingdatabase.

2.4.4 Evaluation

The first of the approacheslescribedabore, the useof direct articulatorymeasurements)as
only maginal relevanceto ASR becaus®f thelack of large, spealerindependentlatabasesf
articulatorymeasurement3.heexisting articulatorydatabasedo not provide sufficienttraining
materialfor statisticalmodelsin orderto learnarticulatoryparametergérom the corresponding
acousticdatafor a broadvariety of contexts.

Articulatory-basedpre-processingan potentially be usefulin improving speechrecognition.
Its advantageis that no intermediatdevel of articulatoryfeatureclassificationis required;the
parametergxtractedfrom the speectsignalcanbe directly usedto estimatethe distribution of
subword units,in the sameway asstandardacousticparametersHowever, the articulatorypre-
processingextraction) approachs essentiallyarule-basedpproachTheacousticcorrelateof
the cateyoriesto be extractedare definedon the basisof expertknowledge,which rendersthe
developmentof successfufeatureextractionalgorithmsdifficult andslow. Moreover, theseal-
gorithmshave up to now only beentestedon clean,full-bandspeechlt is to be expectedhatat
leastthosedefinitionsof acousticcorrelateswvhich rely on absolutefrequeny or enegy values
will haveto beredefinedor noisyor band-limitedspeechAs mentionedabove, articulationex-
hibits contet-dependence/oicing, for instancemay be easilyidentifiableby voice-onsetime
for stopconsonantsn syllable-initial position. However, stopsin differentcontexts and other
consonantsuchasfricativesmay have a lesswell-definedrealization.Thus,arule-basedrtic-
ulatorypre-processingpproachmaywork well whenafirst-passsegmentatiorof thesignalhas
alreadybeenperformedor when certain“landmarks” have beendetectedirst [87] sothatthe
context canbedefinedmoreaccuratelybutit is suboptimafor purelybottom-upacousticclassi-
fication. Thus,in spiteof thecomputationaéffort associateavith it, the statisticalclassification
componenseemso beindispensablér anarticulatoryapproacho ASR.An articulatoryrepre-
sentatiormayin itself exhibit lessvariationthana spectrarepresentatiorhowever, theacoustic
patterndrom whichthearticulatorycatejoriesareto berecoveredaretoovariedandtoointrans-
parentto be amenableo a rule-basedeatureextractionmethod.lt may be for this reasorthat
the mostpromisingASR resultsdescribedabore have beenobtainedby the articulatoryfeature
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classificationapproach.

The precedingsectionhasshownn thatthe AF approacho speecthrecognitionis notanentirely
new idea.However, severalimportantresearchssueshave beenngglectedor entirely omittedin
theseprevious studieswhich explainsthe motivationof this thesis:

e First, little effort hasbeendevotedin generalto the articulatoryapproach Attemptsat
developingAF systemdave beensporadicandin mary casehave beenabandonegre-
maturelybeforetheir potentialwasexhaustvely analyzedandexploited. Furthermorethe
full rangeof statisticalclassificationand optimizationtools obviously hasnot beenap-
plied to mostof thesesystemsln mostcasesa setof articulatoryfeaturesvas selected
heuristically The outputof thefeatureclassificatiorcomponentvasthenusedasinputto
thesamehigherlevel processingomponentshatwereemployedin theacoustidbaseline
systemswhich may or may not have resultedin animprovementin performancelt is
evident, however, thatthe introductionof a new setof featuressuchasarticulatoryfea-
tures,alwaysrequiresextensve systemoptimizationandfine-tuningin orderto achieve
resultscomparabldo thoseof anacoustichaselinesystenmwhichin mary casesasbeen
developedandoptimizedover mary years.

e Most of theresearchefforts in articulatoryspeechrecognitionhave beendirectedat the
extraction of articulatory parametergrom the acousticspeechsignal. However, it is at
leastequallyimportantto find out how theseparametergunctionin a complex speech
recognitionsystem.

e Most of the studiesmentionedabove do not provide a detailederror analysisof the
strengthandweaknessegsf the AF systemys.theacoustidaselinesSystemsaremerely
comparedn termsof phonemeor word error rates,which yields very little information
aboutthe conditionsin which AFs mayor maynot beuseful.Eideetal. [37] notein pass-
ing that “the linguistic featuresextractinformationin the waveform differently from the
HMM” ([37]:486) but a more detailedanalysishasnot beenperformedeitherin this or
otherstudies.

e Thisintroducesanotherissuewhich hasnot beensuficiently investigatedif AF repre-
sentationsandacousticrepresentationprovide differentinformation,it might be advan-
tageoudo combinethem.However, verylittle effort hasbeendirectedtowardsthis goal.

e Previous AF studieshave only looked at limited speechrecognition tasks, such as
phonemedentification. To the bestof our knowledge,the potentialof AFs for corver-
sationalspeectlor large vocahulary hasnot beeninvestigated.
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e Althoughthepotentialof AFsin thepresencef noiseandotheradwerseacousticerviron-
mentshasrepeatedl\beenassertedit hasnever beensystematicallytested.

Thisthesiswill addressll of thesepointsby investigatingAFs undera broadvarietyof acoustic
and linguistic conditions,including clean,noisy, andreverberantspeechfull-band aswell as
narrav-bandspeechdifferentrecognitiontasks— numbersrecognitionandcorversationabia-
loguerecognition-aswell astwo differentlanguagesAmericanEnglishandGermanThrough-
out this thesis,we will follow a featureclassificationratherthana featureextractionapproach.
Particularemphasisvill begivento the performancef AFswithin anentirespeechrecognition
systemMoreover, detailederroranalyseswill be provided of the strengthsandweaknessesf
the differentrepresentationg=inally, differentapproache$o combiningboth systemswill be

presented.
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Chapter 3

Small Vocabulary Recognition Using
Articulator y Information: A Pilot Study

In this chaptemwe will presenta pilot studywhich highlightssomeof theresearchssuesvhich
we will addressn greaterdetailin the subsequenthaptersof this thesis.We will describethe
developmenbf arecognitionsystembasedn articulatoryfeaturesandcomparaets performance
on a small-wvocalulary continuousnumbersrecognitiontaskto that of state-of-the-aracoustic
recognizersCharacteristidifferencesbetweenthe acousticand articulatory systemswill be
analyzedat variouslevels of the recognitionsystemWe will showv thatthe recognizersxhibit
differenterror patternsandthusindicatepotentialfor recognizercombination Finally, we will
discussandinvestigatdrame-lezel combinationstratgiesandpresentombinationresults.

3.1 Corpus and Baseline Systems

3.1.1 Corpus

Thecorpususedfor theexperimentgeportedn this chapteiis the OGI Numbers9xorpus[27].
Thisis anAmericanEnglishcorpusconsistingof a collectionof continuouslyspolennumbers-
atypical utterancen this corpusis two hundedthirty six. The utterancdengthrangesetween
oneandtenwordswith anaverageof 3.9 wordsper utteranceThe corpuswascompiledat the
Oregon Graduatenstitute by extractingnumbers(zip codes,dates streetnumbersetc.) from
variousotherspeecltorporaall of whichhadbeenrecordedverthetelephongincludingboth
analogueanddigital telephondines). The datasetusedfor trainingandcrossvalidationconsists
of 3590utterance$3233for training,357for crossvalidation),correspondingo approximately
two hoursof speech.The testset comprises1206 utteranceg40 minutes).All utterancesn
thesesetsweremanuallytranscribedatthe phonelevel. Thevocahulary consistof the 32 words
shavnin TableA.1 in the Appendix.
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In additionto the original testset,four modifiedversionsof the testsetwerecreated by artifi-
cially addingnoiseor reverberatiorto the speectsignal. Thereverberantestsetwasproduced
by digitally corvolving thesignalwith animpulseresponséunctionrecordedn anechoicroom
with a reverberationtime of 0.5s.For the noisetestsets,pink noisefrom the Noisex database
wasaddedo the speectsignalat varioussignal-to-nois¢ SNR)ratios:0, 10,20,and30 dB.

3.1.2 Recognition System: The Hybrid Paradigm

All recognizersisedor theexperimentseportedn thischaptearehybrid ANN/HMM systems.
The hybrid approacho speechrecognitioncombinesartificial neuralnetworks (ANNS) for the
estimatiorof localsubwordunit probabilitieswith HMMs, which performthetaskof temporally
aligningthe speeclhsignalwith a sequencef acoustiomodels.More preciselythisinvolvesthe
recursve computationof the likelihood of the sequencef featurevectorsX = x;,xs, ..., Xt
giventhemodel\, where) isanHMM with N statesyy, ¢o, -.., g

N T

(X‘A ZHG’ZZ IP(Xt‘QZ( )) (31)

i=1t=1
Thus, the global probability of an obsenation sequencexy, xa, ..., xt givena HMM ) is de-
fined asthe productof all transitionand obsenation probabilitiesover time points 1 through
T, summedbver all possiblestatesequencedJnderthe mostwidespreadpproacho ASR, the
Gaussiamixture approachthe local emissionprobabilitiesp(xs|¢;(t)), with 1 < ¢t < T and
1 =1 < ¢ < N arecomputedby a weightedsum of Gaussiamprobability densityfunctions
(pdfs),so-called‘mixture components”:

Xt‘Qz z sz Xt; HMmi; Zmz) (32)

wherep,,; andy,,; arethemeanandcovariancerespectiely, of them'th mixturecomponenat
statei andc,,; is the mixtureweightfor thatcomponentEachmixture componentasthe form
of a Gaussiaror Normaldistribution:

1 .
N (x; 1, D) = ————e 3 0mm=7 0 (3-3)

(2m)" (3]
wherey is the meanvectorandX: the covariancematrix of the distribution andnr is the dimen-
sionality of thefeaturespace.

In hybrid systemsANNSs areusedto estimatethe local emissionprobabilitiesof HMM states.
The different types of ANNs which have beenusedfor this purposeinclude Multi-Layer-

PerceptrongMLPs) [91], Radial-Basis-FunctiofiRBF) networks [112], recurrentneuralnet-
works (RNNs)[108],andtime-delayneuralnetworks (TDNNSs) [47]. All of thesenetworksare

IWe aregratefulto Brian Kingskury, ICSI, for supplyingthesetestsets.
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generalfunction approximatorsvhich aretrainedto minimize a distancefunctionrelatingthe
network outputsto a setof pre-specifiedarget values.This error functionis usuallyeitherthe
mean-squaredrror (MSE) or the relative entrogy function. The MSE betweenthe network’s
outputz andthetamgety is definedas

D(z,y) = E[(z — y)’] (3.4)

wheretheexpectations takenover the setof trainingsamplesTherelatve entropy betweerthe
distributionsover X andY’, is definedas

p(yr)
DX,)Y)=FE In 3.5
The following reasonshave beenput forward (e.g.[91]) in favor of the hybrid approachand
againsthe Gaussiamixture approach:

e statistical modeling assumptions

It hasbeenamguedthat ANNs permit an unconstrainedapproximationof the function
underlyingthe distribution of the training datawhereasGaussiarmixture classifiersare
basedon the assumptiorthat the input datais normally distributed. This is only true to
someextent— in principle, ANNs canapproximateary objective function [62] but only
underthe conditionsthat a sufficient numberof free parameterghiddenunits, weights)
areusedandthatsuficienttrainingdataareavailableto train theseparameterdvioreover,
ary distribution canin principle be approximatedyy the weightedsum of a suficiently
large numberof Gaussiammixture componentsWe will returnto this point shortly.

e incorporation of context
Anotherargumentwhich hasbeenadducedo supportthe hybrid approachs the possi-
bility of including phoneticcontext in the estimationof local emissionprobabilities.The
inputto an ANN may consisteitherof the featurevectorattime ¢ only, or it mayinclude
theneighboringeaturevectorsattimest—1,¢t—2, ...,t—n andt+1,t+2, ..., t+n aswell.
In principle, contet canalsobe includedwhenthe estimatoris a Gaussiamixture clas-
sifier. Insteadof estimatingmeansandcovariancedor featurevectorsof dimensiong, it
is thennecessaryo estimateheseparameteror (n + 1)d-dimensionalectorswhichare
formedby concatenatinghe original vectorandn context vectors.Which approachs to
be preferreddepend®n the particularapplication.Considera fully connectedhree-layer
MLP with 100 hiddenunits and 50 outputunits. Given a 20-dimensionafeaturevector
anda context window of threeframes,the MLP needsto find the valuesfor (60x100)
+ (100x50) = 11,000weights. The numberof free parameterdor a single-component
full-covarianceGaussiammixture systemwith the samenumberof outputclassesvould
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be (1830+ 60)x50 = 94,500.(>%, 7 parametersor the (triangular)covariancematrix,
60 for the meanvector, 50 classes)lf, however, diagonalcovariancesareused this num-
beris reducedto (60 + 60)x50 = 6,000.The suitability of eachapproachthusdepends
on how much modelingeffort is neededor the taskat hand.MLPs may be the classi-
fier of choiceif the datahasa highly non-Gaussiamlistribution which would requirea
large numberof mixturecomponentsandif thetheuseof diagonalcovariancematricesn
theindividual mixture componentsvould resultin a sharpdeclinein accurag. However,
in othercasesvherethe datadistribution closelyresembles Normal distribution which
couldadequatelype modeledoy a smallnumberof mixture componentsor evenasingle
Gaussianthe Gaussiammixture approachmight be preferable.

e discriminati ve training

The third importantargumentis that certain ANNSs, suchas MLPs, aredirectly trained
to discriminatebetweenthe output classesratherthanto most closely matchthe data
distribution. As severalresearcherge.g.[122,103) have shown, the outputactivationsof
MLPs approximateBayesiana posteriori probabilitiesin the meansquarederror sense,
underthe conditionsthat (a) the mean-squaredrror or relative entrogy errorfunctionis
usedduring training, and (b) a sufficiently large numberof hiddenparameterss used
to be ableto correctlyapproximatethe desiredresult.In orderto distinguishbetweenk
classesv, ...w, We needk discriminantfunctionsdy(z). Theseare definedby the k-
dimensionalvectorof a posteriori probabilitiesfor the setof classeq?, P(Q2|x). Since
the parameterof the MLP aretrainedsuchthat the output most closely approximates
this probability vector, all discriminantfunctions(andthereforeall classboundariespare
optimizedjointly duringtraining.In the Gaussiammixture systempntheotherhand,each
modelis usuallytrainedindividually to maximizethelik elihoodof thetrainingdatagiven
themodel,without consideringhe optimal classboundaries.

At agiventimeframe,t, anANN estimatesheprobability P(¢;(t) |x;) of theHMM statey; given
the obsenation vectorx;. Sinceit is the likelihoodp(x;|g;(t)) which is requiredby Equation
3.1,theposteriomprobabilitiesoutputby the ANN arecorvertedto scaledik elihoodsby dividing
themby thea priori classprobabilitiesP(g;).

The ANNs usedin our experimentsare three-layeredMLPs (one input, one outputand one

2Morerecently however, variousdiscriminativetrainingcriteriahave beeninvestigatedn the context of Gaussian

mixtureHMM systemse.g.[10, 22, 109.
3In thehybrid approacttonsideredhere eachindividual HMM statecorrespondso anoutputclassj.e. asubword

unit.
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hiddenlayer). The activationfunctionof the hiddenlayeris thelogistic function

1
1+ exp(—axz)

f(z) (3.6)

whereaq is a constantontrolling the slopeof the function. Thefinal outputactivationfunction

is the softmaxfunction: @)
explx;
P) = S cop(an)
whereK is the numberof unitsin the outputlayer The MLPs aretrainedby online stochastic
gradientdescentsingsimulatedannealingof the learningrateto controlthe amountof weight
changeat eachepoch.Initially, theinput datais normalizedby dividing eachtrainingvectorby
thesamplemeanandsubtractinghe samplevariance During training, patternsarepresentedo

(3.7)

thenetsin arandomizedashion.It is possibleto includenot only the currentframebut alson
context frameson eachside, suchthattraining samplesactually consistof windows of 2n + 1
frames.Windowing respect®dgeconditions,.e. it doesnot spanutteranceéboundaries.

Two differenttypesof trainingschemesrepossiblewith thisarchitecturesimpleandembedded
training. Simpletraining consistsof trainingan MLP until the trainingalgorithmconvergesand
then performingrecognition.During embeddedraining, the subword net obtainedin a given
training phases usedto realignthe transcriptionswith the training data. This producesa new
setof labelswhichis thenusedto trainanen ANN in thesubsequertrainingphase.

3.1.3 Acoustic Baseline Systems

Two differentacousticrecognitionsystemswvere usedasreferencebaselinesgorrespondingo
thecleanvs. deterioratedestconditionsdescribedabove. The baselinesystemfor cleanspeech
wasdevelopedby Nikki Mirghafori,thosefor reverberantandnoisy speechweredevelopedby
Brian Kingshkury?*.

Therecognizerfor cleanspeechuseslog-RASTA-PLP preprocessingo0]. This preprocessing
methodfirst appliesa windowed FFT to the signaland computeghe power spectrumof each
FFT componentThepowerspectrunis thencornvolvedwith a Bark-scaldrapezoidafilter bank
to approximatecritical-bandfrequeng resolution similarto themel-scalevarpingin the caseof
MFCC preprocessingAfter logarithmiccompressiora bandpaséilter is appliedwhich passes
the frequeny modulationsbetweenl-12 Hz. The outputis then exponentiallyexpandedand
equal-loudnessveightingand cube-rootcompressiorare appliedin orderto modelperceptual
loudnessFinally, linearpredictioncoeficientsarecomputedy anautorgressveall-polemodel
andthe cepstrums taken.

“pbothat InternationalComputerSciencenstitute (ICSI), Berkeley, USA
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In additionto the eightbasiclog-RASTA-PLP coeficients,computedevery 10 mswith awin-
dow of 25 ms, the cleanspeechbaselinesystemadditionally usestheir first derivatives. The
numberof hiddenunits (HUs) in the phoneMLP is 400, the sizeof the context window is nine
frames,correspondindo approximatelyl05 ms. The systemwastrainedusingthe embedded
trainingprocedure.

Similar to MFCC processinglog-RASTA-PLP processings basedon the log-spectrumandis

thereforelikely to be susceptibleo additive noise.For this reasonog-RASTA-PLP was not

usedfor the deterioratedest conditions.Instead,modulationspectrogran{MODSPEC)pro-

cessingvasemployed,which hasbeendevelopedspecificallyfor reverberantandnoisy speech
andwhich hasdemonstrateduperiorperformanceaindertheseconditiong[55].

The modulationspectrograns basedon an eighteen-channalritical-bandFIR filter bank,fol-
lowed by the computationof amplitudeenvelopesin eachchannel.The amplitudesignalsare
downsampledandnormalizedat the utterancdevel. Subsequentlya bandpassfilter is applied
which simulatesthe characteristicof a FFT with a 250-msKaiserwindow. Finally, cube-root
compressions applied.The characteristipropertiesof MODSPECpreprocessingrethe sup-
pressionof fine phoneticdetailssuchas onsetsandtransitions,andthe emphasisof the gross
distribution of enegy acrossime andfrequenyg. MODSPECenhancesnodulationsetweerD
and8 Hz, with apeakat4 Hz, correspondingoughlyto the syllabicrateof speech.

Thebaselinesystemfor the noise/r@erberatiortestconditionsusesl5 modulationspectrogram
featuresThehiddenlayerof thephoneMLP consistof 560HUS; thesizeof thecontext window
is nineframes.The systemwastrainedby embeddedraining.

All systemsusedfor the experimentsin this chapteremploy the samerecognitionlexicor?,
which containsboth canonicalpronunciationsand pronunciationvariants,yielding a total of
approximately200 different pronunciationforms. Lexical searchis carriedout by a one-best
Viterbi decoderA back-of bigramis usedasalanguagenodel.

3.2 Articulator y Feature Based Systems

The first stepin the developmentof an articulatory-featurebasedrecognitionsystemis the
heuristicselectionof a suitablesetof features.Many featuresystemshave beenproposedn
the past,basedon theoriesof speeclproduction,acousticphoneticspr phonology We will not
discusghevariousadwantagesanddisadwantage®f thesesystemderebut we will merelydelin-
eatethegeneratriteriathatany acoustic-phonetior pseudo-articulatorfeaturesystenfor ASR

5developedby DanGildeaatICSI
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shouldfulfill. ® Sincethesekindsof featuregypically serne asanintermediateepresentatiobe-
tweenthe acousticandthelexicon, they shouldminimally meetthe following criteria:

e acousticstability
The acousticstability criterion requiresthat featuresbe extractablefrom an acousticre-
presentatiorof the speechsignal. This limits the setof possiblefeaturesto thosewhich
canreasonablypeexpectedo have someacousticcorrelateandexcludespurelyfunctional
features.

e lexical stability
Furthermorefeaturesshouldbeara constantelationto therecognitionlexicon. In partic-
ular, they shouldbe ableto distinguishbetweenall of the higherlevel linguistic unitsto
whichthey aremappedn later stagef therecognitionprocess.

e economy
In orderto keepdevelopmentaland computationakfforts low, the initial setof features
shouldbe assmallandcompactaspossible.

In generalary featuresetwhichis choserheuristicallyis unlikely to be optimalfor the higher

level classificatiortask(e.g. phoneclassification) sinceit doesnot take into accountthe prop-
ertiesof the corpus suchastherelative frequencie®f featuresandclassesgross-featureedun-
danciesthestructureof therecognitionlexicon, etc. Thereforeadata-drvenoptimizationstage
is usuallyrequired.

Theinitial featuresetchosenfor the experimentseportedhereis not basedon a specificpho-

netic or phonologicaltheory However, it doesreflectthe structureunderlyinghumanspeech
productionby taking into accountthe relative independencéetweendifferentdimensionsof

articulation,asdescribedabore in Chapter2.

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

mannerof articulation,the place of articulation(the location of the constrictionin the vocal

tract during consonanproductionor the tongueheightduring vowel production),the position

of the tongueon the front-badk axis, andlip rounding The featurevalueshave in mostcases
a straightforward articulatory explanation,with the possibleexceptionof retroflex, which de-

scribesa mannerratherthan a placeof articulation.We have neverthelessancludedit in the

placecategory in orderto distinguish/r/ from the coronalconsonant#n,s,t,d,S,Z/Eachfeature
groupincludes*“silence” in additionto the other featurevalues.“Nil” valuesare assignedo

thoseseggmentdor which this featureis not relevant.

6Seee.g.[25] for acomparisorof featuresystemsn phoneticsandphonology
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Features Values

voicing voiced,voicelesssilence

manner vowel, nasal Jateral,approximantfricative, 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 the presensystem featuresaremappedo contet-independenphonesThereforethey were
selectedn suchawayasto distinguishamongmostphonesn thephoneset.However, in orderto
keepthe setof featuregminimal, certaindistinctionswereneglectedwhich would requirethein-
clusionof additionalfeaturegroupsandwhich caneasilyberesohedby higherlevel recognition
constraintsThephonesetusedwasthelCSI phoneset(TableA.4 givenin the Appendix),which
consistof 56 phonesThearticulatoryfeaturesn Table3.1areableto distinguishbetweemmost
of these with the exceptionof the syllabic vs. non-syllabicsonorantgl/-/el/, /m/-lem/,/n/-len/,
and/r/-ler/. Theseare mainly distinguishedby durationalasopposedo articulatorycharacter
istics. Furthermorecertainvowel distinctions(/iy/-/ih/, luw/-/uh/,/aa/-lao/\werenot presered
in orderto limit the setof featuresasfar aspossible. Thefactthatsomephonemesreassigned
identicalfeaturerepresentationshouldresultin thosephonemeseceving similar classification
scoresthe conflictingchoiceshouldin principle beresolhedby higherlevel lexical search.

3.2.1 Feature Classification

As mentionedin the previous chapter a featureclassificationratherthan a featureextraction
approachs pursuedn this thesis.The phone-leel transcriptionof the Numbers95raining set
werecornvertedinto featuretranscriptionsaccordingo thephone-featureornversiontable(Table
A.3) givenin the Appendix. The resultingfeaturetranscriptionsandthe parameterizedpeech
signalg constitutedhetrainingmaterialfor a setof articulatoryfeatureclassifiers.

Basedon thefollowing considerationdyILPs werechoserasarticulatoryfeatureclassifiers.

e It wasexplainedabove thatthe relation betweenacousticand articulatoryparameterss
highly non-linear This callsfor a classifierwhich is ableto non-linearlymapthe acous-
tic input spaceinto an articulatoryparametespace.This is generallytrue of MLPs: the

"The parameterizatiowasidenticalto thatusedin theacoustidbaselinesystems.
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sigmoidaloutputfunctionsof boththe hiddenlayerandtheoutputlayerarecapableof per
forming a non-linearmapping.Moreover, the non-linear quantalnatureof the acoustic-
articulatoryrelation mostprobablyresultsin a non-Gaussianlistribution of the feature
vectorsfor a givenarticulatoryclass.It thereforeseemdestto imposeasfew constraints
aspossibleon the statisticalestimationof thesedistributionsor of the posteriorprobabil-
ities for theseclassesMLPs performthe approximatiornto the objectve function by the
following steps:

Thefirst layerof aMLP computesa setof (non-linear)basisfunctionswhich arelinearly
combinedn thesecondayer, or severalsubsequenrtayers.At theoutputof thefinal layer,
the output activation valuesare non-linearly mappedto the range[0,1] by a sigmoidal
activation function, suchasthe logistic function (Equation3.6) or the softmaxfunction
(Equation3.7).

Eachof the component®f the vectorof hiddenvariablesh embodiesa basisfunction ¢y,
appliedto theinput vectorx which hastheform

Pn(x) = o(Wr'x) (3.8)

wherew is the appropriatevectorof weightsconnectedo the hiddenunit ~ ando is the
sigmoidalactivation function of the hiddenlayer. Sincethe basisfunctionsdependon
theadjustablevectorw, they arenot predeterminedbut may changeduringtraining. This
providesaflexible framework for learningdiscriminantfunctionsin afeaturespacewvhich
may exhibit highly irregularpatterns.

As we mentionedabove, little explicit knowledge is available about the acoustic-
articulatoryrelationfor eachclassandeachpossiblecontext. MLPs canactasnon-linear
featuredetectoravhich graduallyfocuson the salientacoustidnputfeaturesduringtrain-

ing. To the extentthattheresultof thetraining procesgi.e. theweightmatrices)is inter-

pretable they canthusfunction asexploratorytoolswhena new setof featuressuchas
articulatoryfeaturesis first investigatedVariousdatamining methodgseee.g.[28]) may
be appliedto the trainedMLP in orderto extractexplicit symbolicknowledgeaboutthe
relationbetweeracousticsandarticulatoryfeatures.

e We notedbeforethattheinversionproblemcanbe simplified by takinginto accountem-
poralcontet ratherthanconsideringeachframein isolation.This involvescomputingthe
probability for (or the distribution of) several featurevectorsat a time andthusrequires
enlaging thenumberof input parametersGivenour assumptionaboutthe non-Gaussian
distribution of acousticfeaturevectorsfor mostarticulatoryclassesit is highly probable
thatseveralmixture component&ndfull covariancematriceswould be requiredin order
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Network | #HUs | # contextframes

voicing 50 9

manner 100

place 100
front-back|| 100
rounding 100

ga|o|©o| o

Table3.2: Numberof hiddenunitsandcontext framesfor differentfeaturenetworks.

to achieveareasonabléevel of accuray. It is morelik ely thatMLPswill requirefewer pa-
rametersn this situationsinceonly thefirst layerof the MLP is affectedby theincreased
numberof input parameters.

e Someof thearticulatoryfeaturesve have choserhave agraduahatureandcanmosteasily
be classifiedin relationto otherfeatures Examplesof thesefeaturesare vowel features
suchashigh, mid, low, which have relationalratherthanabsolutedefinitions.Their corre-
spondingclassregionsin featurespacewill mostprobablyoverlap—theirclassboundaries
are boundto be fuzzier thanthoseseparatingge.g. nasalfrom plosive To alleviate this
problem,a classifiershouldbe usedwhich s traineddiscriminatvely.

PreliminaryexperimentscomparingMLPs andGaussiamrmixture HMMs asclassifiersevealed
a slightly superiorperformanceof the MLPs. The sameresultwas obtainedindependentlyby
King etal. [68] for distinctive featurerecognitiononthe TIMIT database.

For eachfor thefive differentfeaturegroupsin Table3.1 a separatdVLP is trained,yielding a
setof five parallelMLPs. Eachof the networks recevesthe sameacousticinput but is trained
usingadifferentsetof labels.Thus,eachMLP hasthepossibilityof focusingonthoseaspect®f
theacoustianput spacewhich providesthe largestamountof informationaboutits articulatory
outputclasses.

The featurenetworks aretrainedin a singletraining passasopposedo an embeddedraining
proceduresinceit was found that embeddedraining did not yield ary benefitover a single
training pass.Thenumberof hiddenunitsandthe numberof contet frames(Table3.2)in each
network were determinedempirically with the objectve to maximize classificationaccurag
while minimizing the numberof parameters.

Figures3.1to 3.5 shav the frame-level accurag of eachnetwork in relationto the numberof
contet frames Thesedatawereobtainednthecleantestset.Basedonthesevaluestheoptimal
numberof contet frameswasdeterminedor eachnetwork. Before discussinghem,a caveat
shouldbementionedwith respecto evaluatingthefeatureclassifiersSimilarto featuretraining,
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Figure3.1: Accurag ratesfor voicing features.

featureevaluationis basedon phonetranscriptionsorvertedto featurelabels.Theselabelsdo
notreflecttheactualfeatureboundariedut ratherthe hypothesizedboundarieslerivedfrom the
phonelabel boundariesThus,featureboundarieshecessarilycoincidewith phoneboundaries,
which of courseneednot be the casein reality. It is possiblethat the mannernetwork, for
instanceclassifiesastronglynasalizedrowel asnasalhowever, thiswould beconsidereavrong
if thephone-leeltranscriptioncontaineda vowel atthatpositionin thetranscription We believe
thatthe accurayg ratesobtainedusingthis idealizeddatagive a goodapproximateampression
of the performancef the featurenetworks; however, it shouldbe bornein mind thatthe “true”
accurag ratesmaydeviatefrom these.

The datashavn in Figures3.1to 3.5 reveal therelative context-dependencef individual fea-
tures.In generalfeatureaccurag ratesincreasewith the numberof framesin the context win-

dow; however, notall featuredenefitfrom alargercontext to thesamedegree Differentfeatures
exhibit peakaccuray ratesat differentcontext sizes.

Thefollowing obsenationsareof importance:

e Mostof theinformationaboutarticulatoryfeaturegprovided by the acousticinput seems
to be containedwithin a window of five frames,beyondwhich little increasan accurag
canbe obsened. This roughly correspondso the averagelength of oneto two phones.
However, thefactthatin somecaseghe accurag ratesdo increaseup to a context of 17
framessuggestshat the acousticcorrelatesof the articulatorycateyorieswe usecanbe
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Figure3.2: Accuragy ratesfor mannerfeatures.
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Figure3.3: Accurag ratesfor placefeatures.



3.2 Articulatory Feature Based Systems

43

frame-level accuracy (%)

frame-level accuracy (%)

100
95
90
85
80
75
70
65
60
55
50

100

1 3 5 7 9 11 13 15 17
size of context window in frames

Figure3.4: Accurag ratesfor front-backfeatures.

95
90
85
80
75
70

65
60
55

50

1 3 5 7 9 11 13 15 17

size of context window in frames

Figure3.5: Accurag ratesfor roundingfeatures.

sil ——

1 front ——

back —=—

nil ——

sil [P
+round ——
-round —=—

nil o



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

spreadovertime spansof thesizeof asyllable.

e The accurag ratesfor a small set of featuresincreaseconsiderablyeven beyond five
frames.This setincludesprimarily the mannerfeaturefricative and the place features
labial, dental glottal andvelar. Thereareseveralexplanationdor this:first, thedatacon-
sistsof telephone-bandwidtipeectwhich excludesfrequenciesbove 3400Hz. Fricative
consonantshowever, are characterizedy high-frequeng enegy above 3400 Hz; thus,
mostof thelocalinformationwhichmay pointto thepresencef africative consonanhas
beenfiltered out, sothatinformationin the surroundingcontext becomesnoreimportant
for theidentificationof thesesoundsincluding the temporalcontect beyond five frames
alsohasa positive effect on the accurag ratesof consonantaplacefeatureswhich are
known from the phoneticliteratureto be heavily context-dependent.e. velar andglottal
soundswhich arestronglyinfluencedby surroundingvowels[30].

In orderto ascertairwhetherthe context effectscanindeedbeattributedto thewider context and
not to a larger numberof hiddenparametersfeaturerecognitionexperimentswere conducted
wherethenumberof parametersvasincreasedy usingmoreunitsin thehiddenlayer. However,
therelative improvementsverenot assubstantiahsthoseinducedby alargertemporalcontext.

Oneimportantconclusiorto bedravn from thisis thatin orderto reachoptimaldetectionaccu-
ragy, articulatoryfeaturerecognitionrequiresasmallertemporalcontext thanphonerecognition,
whichtypically performsbestwith context-dependenphonesntegratinginformationover a se-
guenceof at leastthreephones.This shouldprove beneficialfor an articulatory-featurdased
acousticmodelingapproactsincethe featurerepresentatiocanbe extractedfrom the acoustic
signalusingsmall, constrainecatlassifiersvith a smallnumberof free parameters.

3.2.2 Feature-Phone Mapping

Oneof thegoalsof this pilot studyis to find outwhichadwantagesif ary, thearticulatoryfeature
representatiohasover standardacoustiaepresentationshenno otherchangesremadeto the

recognitionsystem.For this reasonthe higherlevel representation,e. the choiceof subword

unitsandthedefinitionof therecognitionlexicon, needto bethesameasin theacoustidaseline
systems.The subword units in thesesystemsare contet-independenphones— we therefore
needto find away of mappingarticulatoryfeatureprobabilitiesto phoneprobabilities.

As describedbove,thearticulatoryfeatureprobabilitiescanthemselesbetreatedasdatawhich
is passedo a higherlevel classifier Underthis approacheachof the lower-level classifiergar
titionstheinputacoustideaturespacen adifferentway andcomputesheposteriomprobabilities
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for adifferentsetof classesThe seconctlassifieroperate®nthejointly presentegbrobabilities
for theseclassesandmapsthemto thefinal setof outputclasses.

Thisapproactseemsimilar to the so-called'mixture of experts”(ME) architecturg63], where
the outputof asetof individually trainedexpertnetworksis combinedby a gatingnetwork(see
Figure 3.6). However, thereareimportantdifferenceswith respecto the probabilisticinterpre-
tation of thesearchitecturesin the ME modeleachexpertnetwork &, £ = 1, ..., K produces
anoutputy,. The gatingnetwork determinesk suitablemixing coeficients gy, ..., gx for the

expertoutputs,wherethe k'th mixing coeficient may be interpretedasthe probability thatthe

k'th expertnetwork is ableto predictthe desiredoutputy. The overall outputy is thendefined
as

K
Y= 9kUk (3.9)
k=1

In the ME model,thegatingnetwork hasaccesgo the experts’outputsaswell asto theinputx.
It usuallyconsistsof a singlelayerof neuronswith a singlesigmoidalactivationfunction. The
individual expertnetworks, by contrastaresimplelinearfilters.

In our casethe final outputis not a mixture of the individual networks’ outputssince every
network in thefirst layerlearnsa differentsetof classesFurthermorethe higherlevel classifier
doesnot have accesdo the featureinput and doesnot estimatemixture weightsbut instead
estimateshe posteriorprobabilitiesof the phonegjivenanarticulatoryfeaturevector

Insteadof usingthe continuousoutputfrom eachnetwork in thefirst layer, it may be sufficient
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Combining
Technique WER | INS | DEL | SUB
winnertake-all || 13.7%| 3.6% | 8.2% | 2.0%
full distribution | 8.8% | 1.4% | 5.4% | 2.0%

Table3.3:Word error rates obtained using different feature-phonemapping procedures:a
winnertake-all methodvs. usingthe full outputdistribution.

to useonly the information aboutthe winning output unit in eachnetwork (winnertake-all
network). In this casethe outputprobabilitiesfrom eachnetwork aremappedo eitherO or 1.

Both possibilitieswereinvestigatedor the purposeof mappingarticulatoryfeatureprobabilities
to phoneprobabilities. The winnertake-all network used400 hidden units and nine context
frames,the memger MLP appliedto the non-quantizeautputdistribution had380 hiddenunits
andalsouseda 9-framecontext window. Both networks employed the setof phonesin Table
A.4in the Appendixasfinal outputclasses- however, mary of thesephonesdo notoccurin the
trainingor testset.Thesetof phoneclassegor whichweightsareactuallyupdateds markedby
* in TableA.4. All melgerMLPsweretrainedusingtheembeddedrainingproceduredescribed
earlier

Theresultsareshovnin Table3.3.Nor surprisingly usingthefull outputprobabilitydistribution

yielded a significantly betterresultthanthe winnertake-all approachThe cascadealassifier
approaclusingthefull outputdistributionsof the lower-level classifiersvasthereforeusedfor

all furtherexperimentgseportedn this chapter

The useof a context window enableghe higherlevel classifierto learn,within certainlimits,
thestatisticalregularitiesof thetemporalevolution andpatternsof co-occurrencef articulatory
featureprobabilities.This may be regardedasa data-drvenway of forming (abstractgeneral-
izationsabouttheshapesndoverlapsof articulatorygesturdrajectorieslescribedn Chapter2.
Thus,temporaloverlapsbetweenrarticulatorymovementgasrepresentetby high probabilities
for thecorrespondindeaturesprenotmodeledexplicitly but areacquiredoy the phonenetwork
in the courseof thetraining process.

At this point we shouldreview our initial hypothesighat a decompositionatlassificationap-
proachbasedon articulatoryfeaturedeadsto high featurerecognitionaccurag andtherefore
to ahigherphonerecognitionaccurag thananacoustics-onlyhoneclassifier Table3.4 shavs
theframe-lavel featurerecognitionaccurayg ratesfor differentacousticconditions aswell asthe
frame-level phonerecognitionratesobtainedoy boththe acoustiqdAC) phoneclassifierandthe
classifierwhich combinegshe articulatoryfeaturesscoreg AF). Eachblock of two rows shavs
the frame-level recognitionaccurag (upperrow) and,for the reverberaniandnoisy testcases,
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Network ‘ clean ‘ reverb ‘noise30dB noise20dB | noisel0dB | noise0O dB

voicing | 89.12%| 79.78%| 81.62% | 78.38% 73.49% | 68.68%
A -11% -8% -12% -17% -22%
manner | 82.00%| 67.10%| 71.60% | 67.27% 60.96% | 54.01%
A -18% -13% -18% -26% -34%
place 77.24%)| 60.96%| 67.19% | 63.38% 57.28% | 48.72%
A -21% -13% -18% -26% -37%
front-back| 82.99%| 71.02%| 75.55% | 72.58% 67.78% | 61.08%
A -14% -9% -13% -18% -27%
rounding | 83.19%| 70.89%| 76.62% | 73.58% 68.80% | 62.34%
A -15% -8% -12% -17% -25%
phoneAC | 77.05%| 58.80%| 62.70% | 57.70% 49.33% | 38.78%
A -24% -18% -25% -36% -50%
phoneAF | 75.23%| 64.80%| 68.32% | 64.05% 56.40% | 46.20%
A -14% -9% -15% -25% -39%

Table3.4: Frame-leel featureandphonerecognitionrates AF = articulatoryfeaturebasedlas-
sifier, AC = acousticclassifier

thedeclinein accurag relativeto thecleantestcondition(lowerrow). We canseethattherecog-
nition accurag differsamongthedifferentfeaturenetworks,which mayberelatedjnter alia, to
their differentcompleitiesin termsof thenumberof outputclassesVoicing featureq3 classes)
areeasiesto recognizevhereaplacefeatureq10 classesyeento presenthemostdifficulties.
Thedegreeto whichfeatureaccuray declinesunderadwerseconditionsalsoseemgo berelated
to this property with voicing featuresdeclining the least,followed by rounding, front-back,
manney andplacefeatures.The assumptiorthat all individual featurenetworks shouldhave a
higherrecognitionaccurag thanthe acousticphoneclassifierturnsout to be correctfor this
particularclassificatiortask. The combinationof thefeaturedetectordeadsto a higheraccurag
in the phoneclassifierin reverberantandnoisy speechbput notin cleanspeechThereasongor
thismightbethatthesimplephoneclassifieralreadyperformsverywell in cleanspeechandthat
theerrorsof theindividual AF classifieranaybetoo correlatecandthuspreventthehigherlevel
articulatoryclassifierfrom makinga more accuratedecisionthanthe acousticclassifier Addi-
tional factorswhich contribute to the beneficialeffect of the cascadedalassificationschemen
noiseandreverberatiormight bethefollowing:

e the useof contet information at lower levels: in the AF model, not only the higher
level meging classifierbut alsothelower-level classifiershemselesmake useof context
information,which might have a particularlyrobusteffectin highly noisyconditions.
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e emphasi®n grossspectrapatterngatherthanabsolutdrequeng: thearticulatoryclassi-
fiersaretrainedto abstraceway from absolutdrequenciegndto learntheoverallrelative
propertieof thetime-frequeng enegy distribution instead.

¢ the additive effect of noisewithin the acousticphoneclassifier:variousdisturbance®f
the spectrummay have a cumulatve effect on the classificationresult of the acoustic
phoneclassifier whereaghey may have morelocalizedeffectson the articulatoryclas-
sifiers,which canthenbe weightedselectvely by the higherlevel classifier This effect
might even be more pronouncedf the higherlevel classifierweretrainedor adaptedon
noisy/reverberanspeechraswell.

In sum,our initial hypothesisaboutthe benefitsof the cascadedlassificatiorschemenasbeen
by andlarge confirmed Beforepresentingvord recognitionresultsobtainedoy theacousticand
articulatorysystemslet usaddressheissueof optimizingthe articulatoryfeaturespace.

3.2.3 Feature Optimization

The articulatoryfeaturespacehas28 dimensions- the AF systemthusrequiresmore param-
eters(network weights)thanthe correspondingcoustichaselinesystemswhich arebasedon

15-dimensionabnd 18-dimensionafeaturespacesyespectrely. In orderto ensurethe com-

parability of the differentsystemsthe articulatoryfeaturespacehadto be reducedto a lower

dimensionality Furthermore heuristically selectedfeaturesetsare rarely optimal and should

generallybeimprovedin a data-drvenway:. It wasthereforenecessaryo find a way of reduc-
ing thedimensionalityof thearticulatoryfeaturesetwhile simultaneouslymproving the quality

of the featureswith respectto phoneclassification.Two differentmethodswere investigated,
PrincipleComponent#®nalysis(PCA) andaninformation-theoretideatureselectionalgorithm

[74].

PCA performsalineartransformation
z=®(x—p) (3.10)

on the input featurespacewherex is the n-dimensionalinput featurevectorandz is the m-

dimensionabutputfeaturevector m < n. Them x n matrix ® is a matrix whoserows consist
of the eigervectorsof the samplecovariancematrix of x1, ..., xx, and u is the samplemean
vector Thistransformatiorhasthe effectof changingheoriginal coordinatébasisof thefeature
spaceto a differentcoordinatebasis,with the resultthatthe variancef the individual vector
componentsare renderednaximally different (as measuredy entrofy). The original feature
spacecanthusbe projectedonto a subspacelefinedby the m largesteigervalues.The amount
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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 a variablenumberof principalcomponents.

of variancecoveredby them principalcomponentss thesumof thefirst m eigervaluesdivided
by the total sum of eigervalues.PCA appliedto the articulatoryfeaturespaceyields an 18-
dimensionafeaturespacedefinedby thefirst 18 principal componentsgovering 99.4%o0f the
varianceof the original featurespace Thesewere usedto train the phoneMLP usingthe same
numberof contect framesandHUs andthe sametraining procedureasbefore.Table3.5showvs
theword recognitionresultsfor differentnumbersof principalcomponents.

The advantageof PCA is thatit is purely feature-dwven, i.e. no informationaboutclasslabels
or modelsis required.However, two dravbacksof this methodbecameobvious:first, PCA in-
teractednegatively with the embeddedraining procedurewhich resultedin a slight increase
in word error rate. WhenPCA was combinedwith a simpletraining procedurejdenticalword
error rateswere achievzed with a smallernumberof parametersHowever, the combinationof
PCAandembeddedrainingcausedanincreasen word errorratefrom 8.8%to 9.4%.Although
this increasds statisticallynon-significanit would be desirableto employ a featureoptimiza-
tion methodwhich doesnot counteracthe beneficialeffect of improving the matchbetween
theacousticsignalandthetrainingtranscriptionthroughembeddedraining. FurthermorePCA
involvesanadditionalmatrix multiplicationfor eachfeaturevector It would be moreefficientto
simply specifywhich featuresarerequiredandwhich canbedroppedrom thefeaturerepresen-
tationbeforeproceedingo the higherrecognitionlevels.Finally, thefeaturespacegeneratedby
PCAis nottransparenin the sensehatindividual featuredimensionsareno longerassociated
with anarticulatoryinterpretation.

For thesereasonsanothereductionmethodwasinvestigatedyiz. aninformation-theoretidea-
ture selectionalgorithm[74]. This is a supervisedalgorithmwhich selectdeaturesbothon the
basisof their relationsto the classset(2 andon the basisof the statisticaldependencieamong
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thefeatureghemseles.

Let F beourinitial featuresetof sizen, which we would like to projectonto a featuresetg
of sizem, m < n. For ary assignmentf featurevaluesf = (fi, fo, ..., fn) to the features
F = (F, Fy, ..., Fy) thereexists a conditional probability distribution of the classset2 =
{w1,wa, ..., wr} giventheassignmentF = f, P(Q|F = f). Similarly, for the reducedfeature
setg, we have anassignmenof featurevaluesg = f, andaconditionalprobabilitydistribution

P(Q|G = f,). The overall goal thenis to selectthe setG is sucha way that the difference
betweenP(Q2|G = f,;) and P(Q|F = f) is assmall as possible.Selectionis carriedout by
badkward elimination i.e. by iteratively discardingonefeatureF; from the original featureset
F until the desirednumberof features,m, hasbeenreachedAt eachiteration we obtaina
smallerfeaturesetG = F — {F;}; attheendof eachiteration,the setG replaceghecurrentset
F. ThefeatureF; whichis eliminateds chosersuchthatthedistancebetweenP (2|G = ;) and
P(Q|F = f) remainsassmall aspossible The distancebetweerntheseconditionalprobability
distributionsis measuredy relative entrogy (or Kullback-Leibler(KL) distance).Let yu(w,)
standfor P(w;|F = f) ando(w,) for P(w;|G = f;). TheKL-distancebetweery ando, D(u||o)
is thendefinedas

k
D) = St s (3.11)

Notethatthis is not a symmetricdistancemeasurei.e. D(u||o) # D(o||x). Thedistribution
is in this caseconsideredhe “correct” distribution andthe deviation of ¢ with respecto y is to
beminimized.

If the relative frequenciesof differentfeaturevalue assignmentsre taken into account,the
distancemeasuras refinedto

Ag =Y P(F=1£f)D(P(QF =1)||P(Q|G = 1)) (3.12)
i)
wheref is a particularassignmenbf featuresto the set ¥ andf; is a featureassignmento set
G. At eachiterationof backwardfeatureelimination,A shouldincreaseaslittle aspossible.

It is easyto seethatthe computationakffort in computingA s increasegxponentiallywith the
numberof featuresn F: asthenumberof featuresncreasesghenumberof possiblgoint feature
assignments multiplied exponentially This problemcanbealleviatedby consideringonly the
mostimportantstatisticaldependencieamongthe features Both featuresand classesan be
consideredandomvariables.In a domainwhich is characterizedy a sizableset of random
variablesit is often the casethat somevariablesare conditionally dependentvhereasothers
are conditionallyindependenbf eachothergiven a third setof variables.Koller and Sahami
([74]:283)defineconditionalindependencasfollows:
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Two setsof variables[ A and B - K.K.] are saidto be conditionallyindependent
givensomesetof variables X if, for any assignmenbf valuesa, b, and x to the
variablesA, B, and X respectivelyPr(A = a|lX =x,B=Db) = Pr(A =alX =
x. Thatis, B givesusno informationaboutA beyondwhatis alreadyin X.

Presumablythe featuresvhoseeliminationincreases\; aslittle aspossiblearethosefeatures
which provide little informationabout(2 in additionto the informationalreadysuppliedby the
featurescontainedn G. Therefore at eachiterationof the featureselectionalgorithmthe task
is to find thatfeature F; which is conditionallyindependenof 2 givenG = F — {F;}. This

can be done by finding the Markov Blanket of the feature F; which is being consideredor

elimination. The conceptof a Markov Blanket stemsfrom the theoryof probabilisticreasoning
[98] anddenotesa subsetS of the entiresetof variables/ in a givendomainsuchthatgiven

S, thevariablex is conditionallyindependenof all variablesn thedomainotherthana andsS,

i.e.U — S — «. In the presentontext the definition of aMarkov Blanketis asfollows:

Definition 1 Let M be someset of features which doesnot contain F;. We say that M is
a Markov blanket for F; if F; is conditionally independenof (F U Q) — M — {F;} given
M.([74]:283, notationalsymbolsadapted K.K.)

The featureelimination stratgly canthenbe reducedio consideringcandidatesetsof features
which might constitutea Markov blanket M; for a givenfeatureF; andto eliminatethatfeature
for which A; is closestto beinga Markov blanket. The Markov Blanket propertyis evaluated
usingthe expectedKL-distancebetweenthe conditionalprobability distribution of the classes
Q givenboth M; and F; andthe distribution of the classegyivenonly ;. The overall distance
d¢ Is asumover all possibleassignmenof featurevaluesto AM; and F;, weightedby the prior
probabilitiesof thefeaturevalueassignments:

0c(Fi|M;) = > P(M; = fa,, Fy = £) D(P(QM; = fag,, Fi = £)||P(QM; = far,))
fivg; o fi

(3.13)
wherefy,, is aparticularassignmenof featurevaluesto M;. Thecloserl; is to beinga Markov
Blanket for F; the closerthis quantityis to zero.Thefinal point which needso be explainedis
how thecandidatdeaturesetsfor aMarkov Blanketareselectedn thefirst place.If afeatureset
is indeeda Markov Blanket for anotherfeature all thesefeaturescanbe expectedo bestrongly
correlated.Thus, the correlationsbetweenfeaturesin F canbe computedand,for ary given
feature the k featureswith whichit is moststrongly correlatedconstitutea candidatesetfor a
Markov Blanket. In [74], correlationis measuredy the pairwise relative entrogy v;; between
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the conditionaldistributionsoverthe classegjiventwo featuresk; or F;, respectiely:

vii = 3. D(P(QIF; = fi, Fj = f;)||P(Q|F; = f;)) (3.14)
fisfi

This leadsto thefollowing algorithmfor obtaina subsebf m featuredrom the setF:

Inf ormation-Theoretic Feature Selection

1: computey;; forall F;, F; € F,i # j

2. setg=F

3: while thedimensionof G is largerthanm do
4. forall F; € Gdo

5 setM; to thesetof £ featuresn G — {F;} with thesmallesty;;
6 computeq (F;| M;)

7. endfor

8:  find thefeatureF; with minimal ¢ andsetg = G — {F;}

9: endwhile

This procedurehasthe effect of eliminatingthosefeatureswhich are eitherirrelevant for the
classificatiortaskat handor whoseinformationis alreadysubsumedby the otherfeaturesn the
featureset.

In applyingthis algorithmto selectinga subsetof articulatoryfeaturesthe probabilitiesin the
above equationsvereapproximatedy histogramsBoth featurevaluesandclassprobabilities
werequantizednto 10 equalbinscoveringtherange[0,1] andtherelative frequencie®f feature
valuesand/orclassprobabilities,which wereusedin approximationof true probabilities,were
summecdover all bins.

The applicationof this algorithm with the objectve of eliminating 10 articulatory features
yielded betterresultsthan PCA: the maximumincreasen word error rate was 0.1%, for the
final setof 18 featuresTable3.6 shawvs the featuresvhich wereeliminated.

Whatis the interpretationof thesefeaturesbeingeliminated”First, it shouldbe notedthatone
featurein eachfeaturegroupis redundanbecausets value canalwaysbe predictedfrom the
sumof all othervaluesin thefeaturegroup— remembethatthe outputsof thefeaturenetworks
areposteriorprobabilitieswhich sumto one.Thus, it is not surprisingthatall silencevaluesare
eliminated.As far asthe featuresdentaland approximantare concernedit is very likely that
they arenot relevant for classifyingthe majority of phoneclassesThesefeaturesoccurvery



3.3 Recognition Results and Error Analysis 53

Feature group | featureseliminated
voicing +voice,-voice,silence
manner approximantsilence
place dental,silence
front-back nil, silence
rounding silence

Table3.6: Featureliminatedby information-theoretideatureselection.

infrequentlyandareonly relevantfor the phonegth,dh,rw,y/, of which only /th,r/, and/w/ ap-
pearin therecognitionlexicon. Theinformationprovidedby the voicing featuress presumably
subsumedy otherfeaturesn the set,suchasthe distribution of vocalic featuredike +round
-round front, etc.

It turnsoutthatoneadwantageof this featureselectionmethodis thefactthatit is now possible
to eliminateone entire featurenetwork, the voicing network, in adwance,i.e. beforegenerat-
ing theinput datato the higherlevel classifier The featureswhich werenot eliminatedcanbe
usedwithout ary additionaltransformation.The PCA transformationpy contrastrequiresall
inputdimensiongo be generatedbeforeapplyingthereductiontransformationn theform of an
additionalmatrix multiplication. Moreover, the information-theoretideatureselectionprocess
preseresthe phoneticinterpretatiorof theindividual featurevectorcomponentwhich maybe
importantfor higherlevel analyses.

3.3 Recognition Results and Error Analysis

For the purposeof word recognitionwe againtestedthe effect of a variabletemporalcontext,
aswell asdifferentnumbersof hiddenunits. The resultsare shavn in Tables3.7 and3.8. We
obsenre thata wider context leadsto a reductionin word error rate.Here,the beneficialeffect
of includingtemporalcontext doesnot drop off at 9 framesbut continuesup to 15 frames.The
word error raterisesasthe context is extendedto 17 frames;however, this may be dueto the
growing numberof parameters relationto the limited amountof training data.

Thesadatasuggesthatthetemporalmisalignmenamongdifferentfeaturesn relationto phone-
sizedunitsis morepronouncedhanthe temporalextensionof the acousticcorrelatesf articu-
latory featuresMisalignmenteffectsseemto spreadacrossemporalunits of syllabicsize.

Table3.9shovstheword errorratesobtainedunderthedifferentacoustidestconditions Statis-
tically significantdifferencedetweerthe acousticandarticulatorysystemsareshownn in bold-
face.As canbe seenfrom theresultsthe performancef the acoustichaselinesystemsandthe
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# contextframes | 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 errorrateon cleanspeechn relationto the context sizein the phonenetwork.

# hidden units | WER
465 9.3%
535 9.3%
600 8.9%
660 8.9%

Table3.8: Word errorrateon Numbers9xleantestsetin relationto the numberof hiddenunits
in the phonenetwork.

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,noisel0dB || 32.7% | 5.1% | 20.3%| 7.3%
AF, noisel0dB | 30.0% | 6.1% | 18.3%| 5.7%
AC,noise0dB | 50.2% | 8.3% | 29.7%| 12.2%
AF, noise0dB | 43.6% | 7.1% | 26.3%| 10.2%

Table3.9: Word error rates,insertions,deletions,and substitutionsof the acoustic(AC) and
articulatory(AF) recognizersfor clean,reverberantandnoisy speech.
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articulatorysystemis fairly similar undercleanandreverberantonditions.In noisyconditions,
theacousticsystenperformsbetteratahigh SNR(30dB) but deterioratesisthe SNRdecreases.
The differencebetweenthe word errorratesat 0 dB, 50.8%for the acousticsystemvs. 43.6%
for thearticulatorysystem|js highly significant.

Word errorratesaloneprovide little informationaboutthe strengthandweaknessesf arecog-
nition systemAlthoughtheoverallword errorratesfor theacousticandthearticulatorysystems
are comparablethe systemsmay exhibit different propertieswhich are not revealedby this
measurelt is thereforeappropriateo additionallyanalyzefurther systemoutputs,suchasthe
frame-level error rates,phoneconfusionmatrices,word-level error patterns.etc. Quantitatve
and qualitatve analysesf the performanceof the individual systemsand the differenceshe-
tweenthe acousticandarticulatorysystemswere carriedout both at the framelevel andat the
word level. A frame-level analysisis identicalto analyzingthe performanceof the MLP phone
classifier whereasa word-level analysistakesinto accounthe decodingprocessAs mentioned
above, all systemsusedthe samelexicon, languagemodel and decoder Thus, differencesn
performancenainly derive from differenceamongthe phoneMLPs.

We computedheframe-level errorrate(Table3.10),aswell astheaverageentropy of thephone
outputdistributionfor correctlyandincorrectlyclassifiedframes respectrely (Table3.11).The
simpleframe-level errorpercentagés obtainedoy

# framescorrect
100 — 100. 3.15
00 #totalframes 00.0 ( )

A sampleis countedas correctwhen, at a given frame, the index of the outputunit with the
maximumactiationvalue correspondso the classlabelfor thatframe.This measuren effect
mapsthenetwork activationsto eitherl or 0 andonly considerghe harddecisionresultingfrom
this quantization.lt might, however, be usefulto take into accountthe continuousactivation
valuesin orderto asses$ow confidentthe network is of its decision.This confidencecanbe
measuredby entrogy. Theentroy of arandomvariableY” takingon differentvaluesis defined
as

N
H(Y)=- Z:log(pi)]oi (3.16)

In our case,Y rangesover the outputvaluesof the MLP at a given frame. Theseoutputac-
tivationscan be equatedwith posteriorphoneprobabilities.A sharply pealed (low-entrofy)

activation distribution of, say 0.1-0.8-0.1(for a three-outpuunit network) indicatesa greater
certaintyof decisionthana “flatter”, high-entropy distribution of e.g.0.4-0.6-0.4Low entropy

is preferablewhenthe decisionfor a particularclassis correctbut is lessdesirablewhenthe
decisionis wrong — ideally, we would lik e the classifierto 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, noise30dB 37.27%
AF, noise30dB 31.68%
AC, noise20dB 42.82%
AF, noise20dB 35.95%
AC, noisel0dB 50.68%
AF, noise10dB 43.60%
AC, noise0 dB 61.23%
AF, noise0 dB 53.80%

Table3.10:Frameerror ratesfor acoustic(AC) and articulatory (AF) recognizersfor clean,
reverberantandnoisyspeech.

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, noise30dB 0.46 1.78 0.27
AF, noise30dB 0.37 1.67 0.22
AC, noise20dB 0.50 1.70 0.29
AF, noise20dB 0.41 1.68 0.24
AC, noisel0dB 0.55 1.61 0.34
AF, noisel0dB 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 averageentrogy can
thenbe computedfor eachof thesesetsyielding H (Y,) (for the “correct” set)and H(Y;) for
the“incorrect” set.Theentropyratio, H(Y.)/H (Y;) definesasuitableadditionalmeasuref the
quality of frame-level decisions- the smallerthe entropy ratio, the moreconfidentthe systems
aboutits correctdecisionandthe lessconfidentit is aboutits wrongdecisions.

The acousticsystemproducesa lower frame-level errorratefor cleanspeechThe AF system,
by contrast,yields markedly lower error ratesfor reverberantand noisy speechAll of these
differencesarestatisticallysignificantandcorrespondo the differencesn word errorrate. The
entropy valuesrevealthatthe AF systemexhibits a lower entrogy throughoutj.e. it is generally
more certainof its decisionsfor both correctlyandincorrectly classifiedframesandunderall
testconditions.The entrogy of the distributionsproducedoy the acousticsystemspy contrast,
is globally higher The statisticalsignificanceof the differencesn the averageentropy values
betweenthe two systemswas determinedby a difference-of-meanstest. It was found that
the differencesweresignificantat the 0.0001level. The entrofy ratiosalsoreveal a noticeable
differencebetweerthe acousticandarticulatorysystemsthe articulatorysystemshowvs smaller
entropy ratios acrossall test conditions,Moreover, the distanceto the entropy ratios for the
acousticsystemincreasessthesignal-to-noiseatio drops.This suggestshatthe quality of the
decisionsof the articulatorysystemsds superiorto that of the acousticsystemsparticularly at
highernoiselevels.

As a quantitatve measureof the differencedetweernthe acousticandthe articulatorysystems,
we computedhe correlationbetweerthe networksoutputsandtheensembleariance Thefirst
of theseis expresseasPearsors productmomentcorrelationcoeficient, definedas

r

2i(i — po) (Yi — i)
_ (3.17)
\/Zi(xi - ,uzc)2\/zz'(yi — liy)?

wherez andy arethe valuesof two randomvariablesX andY and, andp, arethe means
of the distributions of thesevalues,respectrely. A correlationcoeficient closeto 1 indicates
positive correlation,-1 indicatesnegative correlationand a correlationcoeficient of 0 means
thatthe variablesareuncorrelatedin this casethe variablesX andY rangeover the outputsof
thetwo phoneMLPs.

Ensemblevarianceis a measuravhich is commonlyusedin the machinelearningcommunity
(e.g.[75]) in orderto describethe amountof disagreemenbetweendifferent(neuralnetwork)
classifierswhich arepartof a pool or ensembleof classifiersLet usassumehatthe ensemble
containsN differentnetworks, all of which computea function from aninput x to an output
g(z). If theinputto network i is denotedasz; andoutputfor network i is written asg;(x;), the
ensembleutputg(zy, ..., zy) canbedefinedas
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Testcondition total per-frame | correlation
variance | average | coefficient
clean 12119.64 0.05 T7
reverb 17241.44 0.07 .62
noise,30dB 15957.28| 0.07 .63
noise,20dB 1844253 0.08 .56
noise,10dB 22443.53 0.10 A7
noise,0 dB 25120.75 0.11 .36

Table3.12:Ensemblevariancgtotalandperframeaverageandcorrelationfor pairsof acoustic
andarticulatorynetworks underdifferentacoustidestconditions.

N
g(z1,..xN) = szgz(xz) (3.18)

i.e.astheweightedsumof all individual outputs.Theambiguity(or variance)of thei'th member
of the ensembléas the meansquarecerror betweerthe i'th members outputandthe ensemble
output:

Vi(xi) = El(gi(x:) — g(z1, ..., xn))?] (3.19)

The expectationof the variancess taken over a setof samplesjn this casethe samplesn the
testset. The ensemblembiguity V' is theweightedsumof theindividual variances:

V(zy,...,zn) = iwzv;(xz) (3.20)

The ensembleambiguity describeghe weightedvarianceof the ensemblewith respecto the
weightedmean.Thelargerthis quantity themorethenetworksdisagreeTheensemblembigu-
ity wascomputedor thesix differentpairsof acousticandarticulatorynetworkscorresponding
to thedifferentacoustidestconditions.Theindividual network’s variancesverecomputecover
all samplesn thetestset,i.e. at eachsampleandfor eachoutputunit, the weightedmeanof
thecorrespondingutputsin thetwo differentMLPs andthe deviation of eachindividual output
from this meanwere determinedFinally, the weightedsum of thesevariancesvas computed
andaveragedver all outputunits,to arrive atanoverall scalarvariancevalue,i.e.

1DN

V(.Il, ceey .IN) = 5 Z Zw,ded(xz) (321)

d=11=1

where D is the dimensionalityof the networks’ outputlayers.Uniform weights(i.e. 0.5,0.5)
wereusedthroughout.Theresultsareshavnin 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:Percentagesf frame-level errordistribution for variousacousticdestconditions.

We can seethat the correlationbetweenthe classifiers’outputsis fairly high in cleancondi-
tions but dropsrapidly in reverberantand noisy conditions.Similarly, the ensemblevariance
increasesinderacousticallydistortedconditions,suggestinghat the acousticand articulatory
networksincreasinglydisagreeon their classificatiortaskwhenthe signalis corruptedby noise
or reverberation.

As anotherway of quantifyingthe inter-classifierdifferencesthe numberof differentvs. the
numberof identicalerrorswascounted.Table3.13lists, for eachtestcondition,the percentage
of frameson which both the acousticandthe articulatoryMLP agreethe percentag®f cases
whereoneMLP wascorrectandthe otherwasincorrect,the percentagef simultaneourrors,
and,within thelatter categyory, the amountof differentvs. identicalerrors.Theseerror percent-
agesshaw thatthe numberof frameswhich areclassifiedcorrectly by the acousticsystemand
incorrectlyby thearticulatorysystemis higherundercleanconditions;however, this relationis
reversedundermismatcheaonditions wherethe articulatorysystemachiezesa higherpropor
tion of correctclassificationghanthe acousticsystem Furthermorethe percentagef different
errorsrisescomparedo the percentagef identicalerrorsundernoiseconditions.

It is notsurprisingthattheclassifiersncreasinglydisagreen thepresencef noise.Thequestion
we needto askis whetherthereis a distinct qualitatve patternunderlyingthe disagreementt
mightbeassumedior instancethatthearticulatorysystemsproduceconfusionsvhicharemore
interpretablen phoneticor articulatoryterms.In orderto determinethe qualitative differences
betweertheacousticandarticulatorysystemstheframe-lavel phoneconfusionmatricesof each
systemwere analyzed Figures3.7 to 3.9 show plots of the diagonalsof the phoneconfusion
matricesjndicatingto which degreeeachsystemis ableto correctlyclassifythe variousphone
classesThereis nogenerapatternof errorswhich shavs similar strengthor weaknessesf one
systenvs. the otheracrossall differentacousticconditions.The phoneaccurag ratesfor clean
speechseemto indicatea slight tendeng of the articulatorysystemto betterclassify conso-
nantsespeciallystopsandfricatives,thantheacousticsystemwhich performsbetterat vowels.
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Figure3.7: Frame-leel accurag ratesfor phoneclassegcleanspeech)Shadedoxesrepresent
thearticulatorysystemplankboxesrepresenthe acousticsystem.

However, thisrelationseemgo bealmostreversedunderreverberanandnoisyconditions:here,
the articulatorysystemsaremore accurateat classifyingvowelsthanconsonantsAdditionally,
they identify silencemoreaccuratelyFurtherinformationis provided by the mostfrequentoff-
diagonalconfusionsamongthe phoneclassesThe mostfrequentlyconfusedphonepairsand
the confusionratesareshavn in Table3.14.Again, the datado not warranta generalstatement
aboutthe strengthandweaknessesf eachsystem.

At the word level, error differencepercentagesvere computedanalogoudo the frame-level
analysis Basedon the alignmentwith the referencdranscriptionthe correctlyandincorrectly
recognizedvordswereidentified.For eachpair of articulatoryandacousticrecognizerst was
determinedvhether

e bothrecognizersverecorrect,

recognizeA waswrongandrecognizelB wascorrect,

recognizeB waswrongandrecognizerA wascorrect,

bothrecognizersverewrongandthe errorswereidentical,

bothrecognizersverewrongandthe errorsweredifferent.
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61

AF clean AC clean AF reverb AC reverb
phonepair | % | phonepair | % phonepair | % | phonepair | %
aoow 60.00| axah 5450\ zs 30.20| I'n 20.10
ks 48.40 | aoow 46.70| hhow 25.00| hvay 20.00
axah 47.30 | aaay 40.80 || k kel 19.90| hvth 20.00
hv uw 40.00| dt 23.10|| hhk 16.70| dcltcl 18.90
hv ah 40.00 | aaah 22.40| hhw 16.70| dclv 17.10
dcl tcl 31.20| | ow 21.20| hhn 16.70| hvw 15.00
diy 31.20| aor 20.20 || eray 15.40| diy 13.80
dclt 27.80| ks 18.60 | hvth 14.80| zth 13.20
hhah 23.40| axn 18.20 || axv 13.70| | ow 12.90
| ow 20.20| hvhh 14.30 || hv h# 13.10| hhhv 11.90

AF noise30dB

AC noise30dB

AF noise20dB

AC noise20dB

phonepair | %

phonepair | %

phonepair | %

phonepair | %

hhv 31.60| hvf 66.67|| zs 25.50| hvf 40.00
hv hh 27.50| hvhh 33.33|| kkcl 2040 I'n 22.82
dcler 25.20| In 21.64 | dcler 19.70| sh# 20.34
zZs 24.90| zth 20.67 || hvh# 19.00| hvhh 20.00
k kcl 19.60| | ow 17.54 | I'n 18.70| hvay 20.00
| ow 18.40| hhn 15.07|| hhtcl 17.60| hvah 20.00
kclinh 17.50| sh# 14.38| kclih 17.00| | ow 19.25
hh hv 15.80| hhf 13.70| I's 15.50| zth 18.63
axv 14.70| k kel 13.37 || sh# 15.10| hhn 18.18
t tcl 14.50 | kcl ih 12.92| | ow 14.80| kcl ih 13.68
AF noise10dB AC noise10dB AF noise0 dB AC noise0 dB

phonepair| % | phonepair| % phonepair| % | phonepair | %

hh h# 47.10| hvhh 60.00 || hhh# 39.10| th# 23.99
zZs 24.70| sh# 22.20|| eray 26.20| hvw 23.08
k kel 20.40| hvth 20.00|| zs 23.30| hvtcl 23.08
In 20.30| hvay 20.00 || hv h# 23.10| hvhh 23.08
eray 19.10| In 19.39| hhkcl 21.70| sh# 21.36
sh# 18.60| th# 18.87 || th# 21.40| hhh# 20.29
hv hh 18.60| hhn 17.15| sh# 19.30 | uw h# 19.56
t h# 18.20| zth 16.46 || hvhh 19.20| k h# 19.14
hhtcl 17.60| hhh# 16.32 || k kel 19.10| dcln 16.72
hhv 17.60| k h# 16.27 || uw h# 17.20| iy h# 16.24

acousticsystem AF = articulatorysystem.

Table3.14:Most frequentframe-level phone-pairconfusionsandconfusionrates(in %). AC =
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Figure3.8: Frame-leel accurag ratesfor phoneclasseqreverberantspeech) Shadedboxes
representhearticulatorysystemplankboxesrepresenthe acousticsystem.

Test both both | AConly | 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 percentageénord-level) for differentacousticconditions. AC = acousticsys-
tem,AF = articulatorysystem

Theresultsareshovn in Table3.15.

Similar to the frame-level error analysis,we againobsene thatthe numberof differenterrors
increasessthe signalquality deterioratesindicatingthatthe articulatoryandacousticsystems
focuson differentinformationundertheseconditions.

To concludethis error analysis,Table 3.16 showv the ten mostfrequentword-level confusions
pairsfor eachsystem.Again, thereis no distinct error patternto be obsenred for eitherclean,
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Figure3.9: Frame-leel accuray ratesfor phoneclassegnoisy speechaveragedover all noise
conditions.Shadedboxesrepresenthe articulatorysystem,blank boxesrepresent
theacousticsystem.)
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AF clean AC clean AF reverb AC reverb
#inst words #inst words #inst words #inst words

35 <ins> oh 28 <ins> oh 41 | eight<del> | 60 | eight<del>
20 oh <del> 16 oh <deb> 35 <ins> oh 40 oh <del>
14 ohfour 13 | one<deb> 33 oh <del> 37 <ins> oh
13 | eight<del> | 13 | eight<del> || 33 ninefive 33 | nine<deb>
23 | <ins>eight| 13 | <ins>eight| 32 | nine<del> | 30 | two<del>

11 | <ins>four | 11 ninefive 28 | <ins> two 24 eightthree
10 | <ins>two 11 fifty sixty 27 onefour 22 five nine
9 two <deb> 9 <ins> one 27 ohfour 21 ohzero

9 <ins> six 8 <ins> two 26 | one<del> 21 | eighteighty
9 <ins> one 7 threethirty 22 ohzero 20 | one<del>
AF noise30dB AC noise30dB AF noise20dB AC noise20dB
45 ninefive 52 ninefive 73 | <ins> two 59 ninefive
32 | eight<del> | 36 ohfour 51 ninefive 52 ohfour

32 | <ins>two | 33 | eight<del> | 34 ohfour 40 oh <del>
28 ohfour 29 oh <deb> 31 | eight<del> | 38 | eight<deb>
26 oh <del> 27 <ins> oh 26 onefour 30 onefour
22 onefour 25 onefour 26 oh <deb> 29 | nine<deb>
19 | one<del> 19 | nine<del> 26 | <ins>four | 28 | <ins>two
19 ohzero 19 eightthree 24 | one<del> 26 eightthree

19 <ins> oh 18 | one<deb> 20 ohzero 24 | two <deb>
15 | nine<deb> 16 | <ins>two 20 <ins> oh 22 | one<del>
AF noise,10dB AC noise,10dB AF noise,0dB AC noise,0dB
103 | <ins> two 63 ohfour 122 | <ins>two | 101 | <ins> three
53 ninefive 61 <ins> two 66 | one<deb> 94 <ins> two
38 | one<deb> 57 ninefive 65 oh<del> 79 | one<del>

38 oh <del> 55 oh <deb> 58 | <ins>three| 78 ohfour
37 | eight<del> | 50 | <ins>three| 53 eightthree | 75 oh <deb>
36 ohfour 48 | one<deb> 52 | eight<det> | 72 | two <del>
35 | <ins>three| 47 | eight<del> | 51 ninefive 60 | eight<del>
31 onefour 44 | two <deb> 48 ohfour 56 | nine<deb>
30 eightthree | 40 onefour 47 | nine<del> | 48 ninefive
30 | <ins>four | 40 eightthree 41 | two <deb> 46 onefour

Table3.16:List of ten mostfrequentword confusionpairs; AC = acousticsystem AF = articu-
latory system.

reverberantpr noisyspeech.
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3.4 Combination Rules

In the previous sectionit wasshown thatthe differentrecognitionsystemsexhibit errorpatterns
whichdiffer bothquantitatvely andqualitatively. For thisreasonacombinatiorof bothsystems
might be beneficialasonesystemmay compensatéor the errorsmadeby the othersystemand
vice versa.Speechrecognizersnmay be combinedat variouslevelsin the recognitionprocess:
atthefeaturelevel, the framelevel, the word level, or the utterancdevel. Feature-leel combi-
nationinvolvesconcatenatinglifferentfeaturevectorsandtrainingthe systemon the combined
vectors.A frame-level (or state-le@el) combinationproceduremeigesthe frame or state-leel
emissionprobabilitiescomputedby differentsystemsAt the word and utterancdevel several
combinationstratgjiesarepossible suchastwo-level Viterbi decodingor N-bestlattice rescor
ing. In this chapterwe concentraten frame-level combination;further combinationstrateies
will bediscussedn thefollowing chapters.

At the frame-level, recognizercombinationreducesto combiningthe local classifiers.In the
currentcontext of hybrid recognitionsystemshis involvescombiningthe outputsfrom the dif-
ferentphoneMLPs. Thetopic of classifiercombinationin generalandthat of neuralnetwork
ensemble particular hasrecevedmuchattentionin the machindearningcommunity When
dealingwith a comple patternrecognitiontask,suchasspeectrecognitionin variousacoustic
ervironmentsijt is oftenthe casethat no singleclassifiercanbe developedwhich cansatisaic-
torily solve the task.However, an ensembleof classifiersmay be capableof achiezing a more
robust performanceDifferentclassifiersrainedon the sameinput but differing in structureor
with respecto initialization may develop different strengthsand weaknesseduring training.
Classifiersvhich aretrainedusingdifferentinputsmay extractpartially different,or evencom-
plementary information aboutthe classedrom their respectie featurespacesFurthermore,
usinga setof smallclassifiersandcombiningtheir decisiongatherthantrainingalarge holistic
classifiermay reducetraining and developmenteffort and may leadto bettercorvergenceand
generalizatiompropertiesFor thesereasonsclassifiercombinations oftenpreferredo complex
individual classifiers.

Severalapproacheso classifiercombinationhave beenproposedn theliterature.In contrasto
theprevioussectionwhereclassifierdor differentsetsof outputclassesverearrangedsequen-
tially, the focusis now on thoseapproachesvhich make useof parallel classifierstrainedon
the samesetof outputclassesPossiblestratgjiesfor handlingthe outputfrom a setof parallel
classifiersinclude classifierselection,voting, or classifiermerging, e.g. by mixture of experts
(seeabove) or by alinearcombinationof the classprobabilities.Classifierselectionmeanghat
the outputfrom oneclassifieris selectedasthe correctoneamongall outputsfrom the classifier
ensembleVariousperformanceneasuresanbe usedto determinewhich classifierto select.In
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[61], for instanceclassifiersareselectedn the basisof an estimateof their local accurag. In
a speectrecognitionsystemvarioustypesof confidencevaluesmight be usedto determinethe
selectionof classifieroutputs.

The voting scheme(e.g.[46, 5, 7]) considerghe decisionsmadeby all classifiersand adopts
thatdecisionon whichmostmemberof theensemblagree Possibldiesarebrokenarbitrarily.
This methodis mostsuitablefor a large setof classifiersin our case,it is suboptimalbecause
only two classifiersareinvolvedandtoo mary tie situationsmay arisewhich cannotalwaysbe
solvedin aprincipledway.

The classifiermerging approachtakesinto accountthe probability distributions of the differ-
entclassifiersnsteadof consideringonly the harddecisionsin termsof the resultingclassla-
bels. The outputdistributionsmay be combinedby meansof linear combinationrules,or in a
non-linearway, e.g.by training anothernon-linearclassifieron the combinedoutputdistribu-
tions. Generallyspeakingcombinationby a non-linearclassifieryields betterresultsbecause
the higherlevel classifiercanin principle approximatearbitrary mappingsbetweenthe output
probability distributions of the individual classifiersand the desiredoutputdistribution. How-
ever, this methodinvolvesanothertraining phaseandintroducesadditionalcompleity into the
overall system.This canbe avoidedwhenusinglinearcombinationrules.A linearcombination
of classifieroutputscanin certaincasesbe showvn to provide an improvementto the overall
classificatiorperformanceThe caseof ensembleaveragingof regression-basedassifiersfor
instancewhereoutputsarecombinedby a weightedsum,hasbeenshown (e.g.[75]) to provide
animprovementover the individual classifiers Let g;(x) denotethe outputof classifieri and
f(z) denotethetargetfunction. Theensembleutputg(z) is definedastheweightedsumof the
individual outputs:

g(z) =>_ wigi(x) (3.22)

This is the samedefinitionasthe onein Equation3.18.The approximatiorerror (or bias) ¢;(z)
of eachindividual classifieris the squaredlifferencebetweerthe outputandthetargetfunction

ei(w) = El(gi(2) — f(2))’] (3.23)

wheretheexpectationis computedverthetrainingsamplesTheensemblepproximatiorerror
is the expectedvalue of the squareddifferencebetweenthe ensembleoutput and the target
function

e(z) = E[(f(2) - 9(x))’] (3.24)

Thevarianceof eachclassifier v;(x) is definedasthe squaredifferencebetweerits outputand
theensembleutput

vi(z) = E(g:(z) — g(2))"] (3.25)
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andtheensemblezariances the weightedsumof theindividual variances

v(x) = Z w;v; () (3.26)
Equation3.26canberewritten as Z
v(z) = 3 wiE[(g:(z) - 5(2))’] (3.27)

Again, this is the definition of ensemblevariancewhich alreadyencounteredh Equations3.19
and3.20.By addingandsubtractingf (z) to this we obtain

T(x) = Z wi€;(x) — e(x) (3.28)

accordingo definitions3.23and3.24.

If >°; wie;(x) is denotedase(z) theensemblepproximatiorerrorcanberedefinedas
e(x) =€(x) —v(x) (3.29)

Thatis, the ensembleapproximatiorerroris the weightedsumof theindividual approximation
errorsminusthe ensemblevariance which is guaranteedo be lower thanthe weightedsumof

theindividualerrorsunlesgshevariances zero.Thus,ensembleombinatiorbenefitdrom large

differenceamongthe outputsof theindividual classifiers.

This analysisgeneralizego the caseof several differentinputs xy, ..., zy to the classifiers
c1, .-, Cy, Sincethe tamget function f(-) is the samefor all z, ..., zy. The optimal combina-
tion rule shouldbe thatwhich both minimizesthe first term on the right-handside of equation
3.29andwhich maximizesheensemblevariance.

A goodoverview of otherwidely usedlinear combinationrules besideshe averagingrule is
presentedn [71]. Assumethatthereare N differentclassifiersC = ¢y, ¢, ...cn, corresponding
to differentinputrepresentationX” = xy, xa, ..., xn, €achof whichis appliedto thetaskof dis-
tinguishingbetweenk outputclasses? = {w;,ws, ..., wk }. Eachclassifieryieldsa likelihood
pn(Xn|wy) for apatternx,, givenclasswy in recognizert,,. Thejoint probabilityfor a patternto
occurin the N differentrepresentationgivenk is

p(X1, ey XN |Wk) (3.30)

It is often computationallyinfeasibleto estimatethis joint probability directly; however, under
theassumptiorthattheinputrepresentationt® the differentclassifiersarestatisticallyindepen-
dentgiventhe classestheabove rule canbe approximatedy

P(X1y oy XN |Wk) = 1:[ P(Xn|wk) (3.32)
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The Bayesdecisionrule for the optimal classgiven a patternY, K classesand N different
classifierss

Y =w; if Pwjxq,...XN) = mI?XP(wk\Xl, ey XN) (3.32)

where

P(X1, -y XN |wk) P(wp)
P(X1, ey XN)

P(wg|X1, ..., XN) = (3.33)

andwhereP(wy) is thea priori probabilityof classk. Substituting(3.31)in (3.33),we obtain

— P(wk) M=y P(Xn|ws)
E/f:lp(wk) Hr]:]:1p(xn\wk)

P(wg|x1, ..., XN) (3.34)
If this combinationrule is to be expressedn termsof the a posteriori probabilitiesof the dif-
ferentclassifierswe needto divide the productby the a priori probabilities,assuminghatall
classedave equalprior probabilitiesin the differentinputrepresentations.

P(wp|X1, o0y Xn) = W n]]i P(wk[xn) (3.35)
Thus,the Bayesdecisionrule becomes
1 N 1 N
Y s w; if W}lP(wﬂxn) = mganl;ll P(wk|xn) (3.36)

Thedravbackof this productrule is thatthe overalllik elihoodof a hypothesivecomezeroif
oneclassifieroutputsana posterioriprobability closeto zero.The productrule thusimplements
an“and” functionwhoseoutputis largeif andonly if bothinputsarelarge.

Theminrule selectghatoutputwhichis smallest

ming, P(wg|Xn)

P ey = 3.37
(e, ooy X) S ming, P(wg|xn) ( )
whereaghe maxrule selectghelargestoutput:
nP n
P(wk|X1, ...,XN) = maw (u)k|x ) (338)

N Zszl max, P(wg|Xn)

Similar to the productrule, the min rule implementsan“and” functionsincethe outputis large
if andonly if bothof theinputsarelarge. The maxrule andthe averagingor sumrule discussed
above, however, have theeffectof an“or” function:if oneof theclassifiers'outputsis large,the
final outputwill belargeaswell.
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In variousclassificatiorexperimentsKittler etal. [71] obseredthatthe sumrule providedthe
bestresults.The authorsexplainedthis by the greatemrobustnessf the sumrule to estimation
errors.In thesumrule, the errorsincurredby theindividual classifiergwhere(ey,,) denoteghe
estimationerrorfor classk in classifiern, 0 < e, < P(wk|xn)) aredampenedvhereaghey

areamplifiedby productrule combination.Eachtermin the productrule introducesthe error
factor

N
€kn
1+ _ 3.39

2 Ployxn) (3:39)

whereasachtermin thesumruleis affectedby

ZnN:1 €kn
ne1 P(wrixa)
n=1 k‘xn

(3.40)

Basedon this finding we can make predictionsaboutthe performanceof the differentlinear
probability combinationrulesin the currentcontect. Dueto the greatererror robustnesof the
sumrule, a sumcombinationschemamight prove moreadvantageous acousticallydegraded
conditions,suchasreverberatiomrandnoise.

In the context of speechrecognitionseveral studieshave investigatedinear combinationsof
probabilitiesusingsomeform of productand/orsumrule. In [69] and[124] thelog-likelihoods
derivedfrom the posteriomprobabilitiesestimatedy differentMLPs (basedn differentfeature
inputsor representinglifferentsubword units)arecombinedoy anunweightedsum.Halberstadt
& Glass[56] comparea weightedsumrule to a productrule to combinelik elihoodsobtained
from Gaussiammixture classifierson heterogeneouacousticnmeasurementg\crossa rangeof
differentexperimentsthey foundthatthe productrule alwaysyieldedthe bestresults.McMa-
honetal. [88] useaweightedsumof log-likelihoodsfor therecombinatiorof subbandeatures.
In sum, successfulinear combinationmethodswhich 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 somavhat surprisingconsideringhe
statisticalindependencassumptiorunderlyingthe productrule andthe supposedlygreatersen-
sitivity to estimatiorerrorsin theindividual classifiersin thefollowing sectionwe will compare
theperformancef thedifferentcombinatiorrulesin differentacousticconditions.

3.5 Combination Experiments and Results

For the presentpurposeof combiningthe outputsfrom the phoneMLPs of the acousticand
articulatorysystemstwo differentapproachesvereused:(a) the linear combinationrules de-
scribedabove,and(b) anon-linearclassifierin theform of anMLP whoseinput consistedf the
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Testset AF AC sum | product | max min

clean 89% | 84% || 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,0dB || 43.6% | 50.2%/| 48.3%| 41.6% | 49.6% | 45.1%

Table3.17:Word error ratesobtainedby differentlinear combinationrules. Statistically sig-
nificant differencescomparedto the betterof the AC/AF baselinesare showvn in
boldface.

concatenatedutput probability distributions of the phoneMLPs andwhoseoutputis another
probability distribution over the subword phoneclassesThe productrule usedas one of the
linear combinationrulesdifferedslightly from the definition givenabove: the derivation given
by [71] departdrom thelik elihoodsp(x,, |wx) —in our case however, we startfrom the posterior
probabilitiesp(w |x,) estimatedy the MLPs, which arecombinedaccordingto

N P(wg|xn
P(wk|X1,...,xN) = KH"L—IN ( k| )
Ekz:l Hn:1 P(wk|xn)

An initial experimentwas conductedon the cleantestsetto evaluatethe performanceof the

(3.41)

linearvs. the non-linearapproachit wasfoundthatthe lowestword errorrate obtainedby the
MLP combinationmethodwas 7.8%, which was higherthanthe bestresult obtainedusing a
linear combinationrule (7.3% obtainedby the productrule). A reasonfor the inferior perfor
manceof the non-linearcombinationmay be the limited amountof training datain relationto
the large numberof parametersvhich have to be estimated(due to the concatenatiorof the
56-dimensionaphoneprobability vectorsfrom both systemsthe resultinginput spacehas112
dimensions)Combinationexperimentsverethenconductedn all acoustidestsets,usingonly
thelinear combinationrules. Table3.17 shavs the resultingword errorrates.lt is obviousthat
theproductrule consistentlyproduceghe lowestword errorrates followedby theminrule, the
sumrule andthe maxrule. At first sight, this resultcontradictsthe findings by Kittler et al. :
accordingto our data, it is not the sumrule but the productrule which seemgo be the most
robust combinationrule, in cleanaswell asin noisy conditions.Note that this is in line with
the previouscombinationstudiesn the context of speectrecognitiondescribedabore. How can
thisapparentiscrepang beexplained?Theword errorratesprovide an evaluationof the entire
recognitionsystemwhich includesthe decodingprocessywhereasve wish to evaluatethe per
formanceof thelocal phoneclassifiersonly. We shouldthereforetake a look at the frame-level
recognizemoutputin orderto analyzethis problemin greaterdetail. Similar to the erroranalysis
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of the individual acousticand articulatoryclassifierswe computedthe frame error ratesand
entropy ratios (of correctlyvs. incorrectly classifiedframes)of the combinedsystems.These
areshavn in Table3.18.As we cansee theframeerrorratesin the combinedsystemare con-

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

noise30dB || 17.1%| 27.11%| 0.21 || 15.0%| 26.49%| 0.18
noise20dB || 21.8%| 31.66%| 0.24 || 18.5%| 31.08%| 0.18
noisel0dB || 31.0% | 39.99% 0.30 || 28.3% | 39.26%| 0.22
noise0dB || 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

noise30dB || 15.8%| 26.81%| 0.18 || 17.8%| 27.59%| 0.23
noise20dB || 19.7% | 31.55%| 0.20 || 22.6%| 32.17%| 0.25
noisel0dB || 29.0%| 39.99%| 0.24 || 32.1%| 40.55%| 0.31
noise0dB || 45.1%| 51.35%| 0.29 || 48.4%| 52.07%| 0.39

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

sistentlylower thanthe frameerrorratesobtainedby theindividual classifiergseeTable3.10).
Furthermoreframeerrorratesrevealthatthedifferencesn frame-level performancef thecom-
binedclassifiersareonly very slight— the differencesn frameerror rate betweernthe sumrule
andtheproductrule, for instancearein mostcasesot significant.However, differentcombina-
tion ruleshave a very variableimpacton theword errorrate- whereasomerulesproduceword
error rateswhich arelower thanthoseof the individual system othersincreasethe word error
ratesto the extentthatthey exceedthoseof the baselinesystems!

A goodindicationof thereasorwhy thisis thecases providedby theentroyy ratios:theproduct
rule andthe min rule, which achiese the bestresultsat the word level, also exhibit the lowest
entropy ratios, whereasthe entropy ratios of the sumand the maxrule are markedly highet
This shavs thatthe phoneoutputdistributionscreatedoy the differentcombinationschemesire
discriminatve to varying degrees.As explainedabove, the optimal behaior of a recognition
systemis characterizedby low-entrogy probability distributionsfor correctclassificationsand
high-entrogy probability distributionsfor incorrectclassificationssuchthatcorrecthypotheses
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aremaximallydistinctfrom incorrecthypothesesvhenthe systemis right andthatseveral (cor
rector incorrect)answersare maximally similar whenthe systemis wrong. The consequences
for word-level decodingarethat,ata givenframe,acorrectlyrecognizedlasswill receve most
of the probability masswhereaghe incorrectclasseswill have a very low probability andare
thuslik ely to be prunedfrom the searchbeam.If the highest-scoringlassis actuallyincorrect
but it is closeto otherclassesn termsof its score,the correctclassmight be preseredin the
searchbeamand may contrikute to finding the globally bestpath. Obviously, the productrule
andthe min rule combinationschemedavor this situationwhereaghe other methodsdo not.
It is importantto realizethat the performanceof the overall speechrecognizerdoesnot solely
dependon the accurag of the frame or state-leel classifier— the degreeof discriminability
betweerdifferentclassess at leastassignificantwith respecto higherlevel searchWhende-
cidingbetweerdifferentcombinatiormethodsf state-l@el probabilitydistributionscareshould
thereforebetakento choosea combinationrmethodwhich maximizesdiscriminability. It should
alsobe pointedout, however, thatthe correlationbetweenthe classifiers’outputsplaysanim-
portantrole, too. If perfectlyuncorrelate@dutputswerecombinedusingthe productor minrule,
they would canceleachotherout.

3.6 Summary and Discussion

In this chaptemwe describedhedevelopmentinitial featureselectionfeatureclassificationand
featureoptimization)of an articulatoryfeaturebasedrecognitionsystemfor continuousnum-
bersrecognition.A comparisorof the baselinerecognitionresultsobtainedby the articulatory
systemandthoseachiezed by a standardacoustics-onlyecognizerevealeda comparabldevel
of performancdor both systemson cleanand moderatelynoisy speech30 dB SNR). The ar
ticulatory systemshoveda small (althoughstatisticallynot significant)improvementcompared
to the acousticsystemon reverberanspeechandnoisy speechat 20 dB SNR. Statisticallysig-
nificantimprovementsvereobtainedby the articulatorysystemon noisy speechat low (10 and
0 dB SNR) signal-to-noiseaatios. The single largestimprovementrelative to the performance
of theacousticsystemwasa 13.1%decreasén word errorrate.A detailederroranalysisatthe
frameandat the word level shoved that the outputsof both systemdiffer both quantitatvely
andqualitatively, i.e. errorsaremadewith respecto differentclassesThe differenterror pat-
terns,however, did not lend themselesto ary phonetically-basethterpretation Furthermore,
thetypesof errorsbecamencreasinglydifferentwith decreasingignal-to-noiseatio.

A comparisonof several classifiercombinationschemesappliedto the outputsof the phone
MLPs in the different systemsshaved that performancecan further be improved by simple
linearcombination®f the posteriorphoneprobabilities Of thefour differentcombinatiorrules
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whichwereinvestigatedthe productrule yieldedthe bestresults:acrossall acousticconditions,
the improvementswere statistically significant. The largestindividual improvementobtained
by integratingarticulatoryinformationwasa 17.3%relative decreasén word error ratein the
pink noise0 dB SNR testcasecomparedo the performancef the acoustics-onlysystem.The
superiorperformanceof the productrule could be explainedby its effect on the entropy of

the resultingoutputdistribution: contraryto “or” functionruleslike the sumandmaxrule, the
productrule andthe min rule — which implement‘and” functions” — decreaséhe ratio of the
entropy of the phonedistribution of the correctframesto thoseof the incorrectframesandthus
leadto betterdiscriminability of classest higherlevelsin thedecodingprocess.

This preliminarystudyraisesa numberof further questionsFirst, the recognitiontaskusedfor
the experimentsreportedin this sectionis relatively limited. Sincethe Numbers95/ocalulary
is very small, only a limited amountof phoneticvariability is coveredby the data.Although
thesepreliminaryresultsare promising,the potentialof the articulatoryfeaturebasedapproach
shouldbe testedon larger recognitiontask. Secondfurthertestson noisy data,includingmore
realistictypesof noise,shouldbe performedin orderto verify the superiorperformanceof the
AF systemin noise.

The classifiercombinationschemegresentedn this sectionare capableof achieving a sig-
nificant reductionin word error rate — however, even greaterimprovementsmight be gained
whenthe systemsarecombinedat higherlevels, suchasthe word or utterancdevel. Typically,
recognitionhypothesest higherlevels are more robust becausesvidencefrom wider tempo-
ral contets is available. Therefore,higherlevel combinationmethodssuchas N-bestlattice
rescoringshouldbe investigatedFurthermorejt hasbeenshawvn thatthe mostsuccessfutom-
binationschemegnhancéeheability of thesystento discriminatebetweerincorrectandcorrect
hypothesesTherefore anothepromisingcombinatiorstrategy mightbeto useaweightedcom-
binationrule, e.g.a weightedproductrule, wherethe weightsare optimizedwith respecto a
discriminatie criterion,suchasthe Maximum A Posterioriprobability (MAP) of the utterance
or theMinimum ClassificatiorError (MCE) [4, 66, 24].
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Chapter 4

Articulator y Features for Large
Vocab ulary Conversational Speech
Recognition

In this chaptemwe extendthe pilot studydescribedn the previouschapterto alarge-vocalulary

cornversationabpeechrecognitiontask.We will compareandanalyzethe performancef acous-
tic andarticulatorybaselinesystemson this taskandinvestigateechniquegor combiningthe
two systemslin additionto combinationat the statelevel, we will investigatepossibilitiesof

feature-l@el andword-level systemcombination.

4.1 Corpus and Baseline System

4.1.1 Corpus

The corpususedfor the experimentsreportedin this chapteris the GermanVerbmobilcorpus
[73], whichis a collectionof spontaneoudialogueswithin thedomainof appointmenschedul-
ing. A typical turn exchangan this corpusis exemplifiedby thefollowing extract:

Spealer 1: ja FrauGehrmann<Atmen> wir haben<Pause> wiederumein Arbeitstrefen zuvereinbaren
<Atmen> ich schlagesinfachmalvor vom zehnterbis vierzehnterOktober<Pause- in Berlin wie sieht
es<undeutlich> aus<Pause>

Speakr 2: <Schmatzen <Atmern> ganzschlecht<Pause- dabin ich leider schon<Pause- unter

wegsbeimir gingeeserstabdreizehnterDktober<Gerausch-

Approximate translation:
Spealer 1: yes Ms. Gehrmann<breathe- we needto <silence> schedulea work meetingagain
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<breathe- | would suggestOctoberthetenthto Octoberthe fourteenth<silence> in Berlin how does
that <incomprehensible look

Speakr 2: <smack> <breathe- very bad<silence> I've alreadyplannedo be <silence- away thenl
canonly make it after Octoberthethirteenth<noise>

The data(studio-qualityspeechsampledat 16 kHz) wasrecordedat four differentlocations,
viz. at the Universitiesof Kiel, Bonn, Karlsruheand Munich, usingdifferentmicrophonesand
recordingervironments.The training setusedfor the presentexperimentscomprisesapproxi-
mately30hrs,thetestset(theofficial 1996Verbmobilevaluationtask)consistof 343utterances
(45 minutes).The numberof spealersin thetotal setis 749. Sincethe corpusconsistof spon-
taneousutterancest containsnumeroushesitationsfillers, falsestarts,andotherdisfluencies,
aswell asnoiseslike laughter coughingandlip smacks.In additionto this, the testsetcon-
tainsout-of-vocalulary (OOV) words,in particularpropernamesandspellingsequenceslhe
recognitionlexicon consistof 5333entries. Thebigramperplity is 64.2.1t is obviousthatthis
taskis significantly more complex thanthe numbersrecognitiontask usedfor the pilot study
describedn the previouschapter

4.1.2 Recognition System

The recognitionsystemwhich was usedfor the Verbmobil experimentsis the ESMERALDA
(Environment for Statistical Model Estimation and Recognitionon Arbitrary Linear Data
Arrays)systemwhich is a vectorquantizationVQ) basedHMM recognitionsystem[43]. The
coreof theacousticmodelingcomponentn this systemis a VQ codebookwith a pre-specified
numberof classegachof whichis representetty a Gaussiarpdf

1 Iy
N (% 11, 5) =~ 2027 0 (4.1)
(2m)" (X
wherey is the meanandX is the covarianceof the pdf; n is the dimensionalityof the feature
spaceHMM stateemissionprobabilities(i.e. the likelihoodsp(x; |¢;) of anobsenationvector
x¢ givena HMM stateg;) are computedby a weightedsum (or mixture) of the M codebook

pdfs:
M
p(Xt|Qi) = Z CmiN(Xt; Hms Em) (42)
m=1

whereun,; andy,,; arethe meanand covariance respectiely, of the m’th Gaussiarmixture
componenbf the codebookandc,,; is the mixture weightof stateg; for thatcomponentThe
mixture weightsareassociateavith theindividual HMM stateswhereaghe codeboolkpdfsare
sharedby all states.
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The codebookis estimatedusing a variant of the Linde-Buzo-Gray(LBG) algorithm [84],
which proceedsasfollows:

LBG-BasedVector Quantization

1: initialize the codeboolby assigningeaturevectorsto classesgitherbasedn anexternally
providedlabelingor by cyclically assigninghen’th featurevectorto theN modn’th class.
2. deleteclasseswith fewer thanm featurevectors(wherem is somepercentag®f the total
numberof featurevectors)
3: computenitial statisticsimeansandcovariancesjor all classes
4: while thenumberof classess smallerthanC' (thedesirednumberof classesyio
classifythe featurevectorsby assigningthemto the nearestlass,usingsomedistance
measureln the presensystemthedistancds computedoy evaluatingthe Gaussiarpdf.
6: updatemeansandcovariances.
7. deleteclassesvith fewerthanm featurevectors.
8. if the globaldistance(the averagedistanceof featurevectorsto their classmeans)alls
below the previousglobaldistanceby a pre-specifiegpercentagé then
9: split thoseclassesvhoseaveragedistance(of featurevectorsto the mean)is above a
thresholdd. The meansandcovariancesof the old classesare copiedover to the new
classesthe covariancesareadditionallyperturbedy smallconstantslerivedfrom the
covariance®f theold classes.
10: endif
11: endwhile

After the codebookhasbeentrained,HMM stateemissionprobabilitiesaretrainedby updating
theweightsfor the sharedodf's in the codebookMore preciselyHMM training consistsof

e initialization of HMM statesfollowedby onepassof Baum-Welchre-estimation,
e clusteringof HMM states,

¢ severaliterationsof embedded@aum-Welchreestimatiorof statemixture weights,possi-
bly coupledwith anupdateof the codebook.

Initialization of (contect-independentHMMs is performedoy usinganexternallyspecifiedime
alignmentof phone-basettanscriptionsandthe speectdatafiles. In afirst step,durationstatis-
tics arecomputedor eachphonemodel.Either single-stateor multi-stateHMMs arethencre-
atedfor eachphone.Unlessthe systemis forcedto createonly single statesfor eachmodel,
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thenumberof statesn eachmodelis determinecautomaticallybasedn the minimumduration
of the model.More specifically the numberof statesmn is f x mindur(m), wheref is a user
specifiedscalingfactorandmindur(m) is theminimumdurationof modelm. Stateswithin the
samemodelcanbe identical (hard-tied)or independentThe modelsthus createdarethenini-

tialized by uniformly assigninghe framesbelongingto eachmodelinstancelasdeterminedy
theexternalalignment)to themodelstatesandcomputingtheinitial stateparameterasfollows:
The state-dependenmteightsfor all codebookclassegmixture componentsaredeterminedy

1 X

Ws = ﬁ Zp(xn|wk) (43)

s n=1

wherewy is theweightfor states of classk, N, is the numberof training samplesassignedo
states, andp(xnq|wy) is thelikelihoodof then'th obsenationassignedo states givenclassk.
Statetransitionprobabilitiesareupdatedby

Nij

—L 4.4
N; (4.4)
wherea;; is the transitionprobability from state: to statej, N;; is the numberof transitions

from statei to statej and V; is thetotal numberof transitionsout of statesi.

a'ij =

In all subsequentraining passeste-estimatiorof the modelparameterss thencarriedout us-
ing the Baum-Welch algorithm[6]. Additionally, thethe meansandvariancef the codebook
classesanbeupdatedduringtraining.

After the first training iteration, context-dependeniphonesare createdusing the reference
transcription@ndtriphone-baseword definitions.First,a new stateis createdor eachtriphone
whosecountexceedsaminimumnumberof trainingsamplesTriphonestatesarealiasedo their

correspondindgasephonstatesie.g.,b/l/t would be aliasedto /I/. A bottom-upagglomeratie

clusteringalgorithmis thenappliedto the resultingstatespacen orderto reducethe number
of free parametersThis algorithmiteratively memgesstatesinto clustersuntil a (userdefined)
minimum numberof training sampledss presentin eachcluster The detailsof this procedure
(basedon[78]) areasfollows:

HMM State Clustering

1: for eachsetof triphonesaliasedo the samebasephoneéo
2: if thealiasgrouphasenoughtrainingsampleg2 * N, whereN is the minimum cluster
size)then

createa separatelusterfor eachstate

for eachclusterdo

r oW

while theminimum clustersizeis smallerthan N do

a
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6: meige the two clusters; andj with the smallestdistanceD(i, ) which have not
yetbeenmemged
7. createa new clusterfor the mergedpair
8: endwhile
9: end for
10: createnew statedefinitionsfor all resultingclusters
11:  endif
12: endfor

ThedistanceD (i, j) betweerclustersi and; is definedas
D(i, j) = NizH(i,j) = N;H (i) = N;H(j) (4.5)

whereH (i) is the entrogy of clusteri, H(j) is theentrofy of clusterj, and H (i, j) is the joint

entrofy of thetwo clustersThetermsN;, N;, and N;; arethenumberof samplesn theclusters
i, 7, andthein clusterresultingfrom pooling: andy, respectrely. Equatiord.5is essentiallyan
approximatiorto the negative of the mutualinformation(X;Y)

I(X;Y)=H(X)+ H(Y) - HX,Y) (4.6)

The clusterentropiesare additionallyweightedby the clustersize. The algorithmthusmeiges
thoseclusterswhich have thehighestmutualinformation,i.e. thosewhich arehighly predictable
from eachother Theclusterentropiesarecomputedasaverage®f theentropief theindividual

statesassignedo a cluster Theentroyy for stateg;, H(¢;), is definedas

M

m=1
where M is the numberof mixture componentsn the codebookandw;,, is theweightof state
g; for them/th mixturecomponentThus,stateentrofy is computedrom the stateweightsonly.

Lexical decodingproceedsncrementallybasedon a time-synchronoubeam-searchlgorithm
andatree-structuredecognitionlexicon. In contrasto conventionaltree-basedecodingwvhere
copiesof the recognitiontree are madeat the end of eachword, tree copiesare madeon a
temporabasisjndexedby their startingtimes.Thisrestrictsthenumberof copieswhich needto
be madeandleadsto greaterefficiengy. Sincethis decodemakesuseof anincrementalframe-
to-frameprocessingtratgy theadwantage®f amulti-passsearchi.e. useof successiely more
refinedandmorecomplex languagemodels)cannotbe exploited. The incrementadecodethas
theadwantageof fastprocessing5x realtime) but theword errorratesaretypically alittle higher
thanthoseobtainedoy multi-passdecodingstratgies. The languagenodelwhich wasusedfor
theexperimentgeportedn this chapteris a bacloff 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 featuredor German.

4.1.3 Acoustic Baseline System

The acousticbaselinesystemuses12 MFCC coeficients,oneenegy coeficient, andthe first
andsecondderiativesof these Thetotal numberof featureghusis 39. In orderto compensate
for thedifferentrecordingconditionsa simplechanneldaptations performedby cepstramean
subtraction.The acousticcodebookcontains256 classesgachof which is modeledby a mean
vectoranda full covariancematrix. The modelsare linear left-to-right modelswithout skip
transitions.The numberof HMM statesproducedby the clusteringmethoddescribedaborve
is 2883, using a clusteringthresholdof 75 samplesper cluster The codebookwas iteratively
updatedduringtraining.

4.2 Articulator y System

As before,the articulatorysystemusesa setof parallel MLPs to extract articulatoryfeatures
from the preprocessedpeechsignal. The setof featuresthat were employed for the present
taskis showvn in Table 4.1. The featuresare largely similar to thoseusedfor AmericanEn-
glish in Chapter2; somefeaturessuchasdentalandretroflex arenot includedsincethey are
not relevantfor the definition of GermanphonesOtherfeaturessuchaspalatal, wereadded.
Thetotal numberof featurevaluesis 26. The featuretranscriptionsverederivedfrom the auto-
matic phone-basetabelingproducedhe Universityof Munich (cf. Section2.1.1).This system
incorporatephoneticpronunciatiorrulesandis reportedto achieze anagreementith human
labelersof approximately¥0%([121]. Thephone-featureornversiontableis givenin TableA.5in
the Appendix.Basedon the Numbers9%experimentsandsomepreliminaryfeaturerecognition
experimentonthepresentorpus thenumberof hiddenunitswassetto 100andthenumberof
context frameswasfixed at nine frames.A setof 10 000 utterancesvasusedfor featuretrain-
ing, 1000utterancesvere usedfor cross-alidation. The frame-level featureaccurag rateson
thetestsetaregivenin Table4.2. Thefeatureprobabilitiesweresubsequentlgoncatenateend
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Network || Accuracy

voicing 87.39%
manner 81.49%
place 69.65%

front-back|| 81.37%
rounding 83.25%

Table4.2: Featureaccurag rateson Verbmobil96 testset.

usedasdatafor codebooKkrainingasdescribedabove.

It wasfoundthatsomedifficultieswerecreatedy theform of theoutputdistribution of theartic-
ulatoryfeaturenetworks:thefinal outputfunctionin the MLPsis thesoftmaxfunction(Equation
3.7),which constrainghe outputvaluesto lie within therange[0,1] andto sumto 1. It thusis
frequentlythe casethat one outputvalueis closeto 1 whereasall othersare closeto 0. For
thisreasontheresultingoutputdistribution hasa stronglybimodalcharacterresemblinghatof
a binary variable.This distribution is not well matchedby the Gaussiarmodelingassumption
underlyingthe designof the codebook.Therefore the final non-linearactiation functionwas
omittedin the MLPs whengeneratinghe input datafor the second-lgel classifiey andthe pre-
softmaxvalueswereusedinstead.This doesnot have aneffect on the classificatiordecisionsof
thefeaturenetworks— the softmaxoutputfunctionis a monotonicfunction affecting all feature
dimensionslts removal doesnot changetherankingof the outputclassesTheresultingvalues
may be interpretedas featuresin hiddenspace(the spaceof the MLP weights). Their distri-
bution, thoughnot beingstrictly Gaussianis bell-shapedandthereforematcheghe modeling
assumptiongetterthanthe bimodaldistribution of the probabilitiesusedpreviously.

The classlabelsusedfor training the codebookwereidenticalto thosewhich were usedfor

trainingtheacoustidaselinesystemAfter testingvariouscodebooldesignchoicesthenumber
of classesvasfixedat 384,usingfull covariancematricesHMM stateswereinitialized usinga
state-leel alignmentproducedby anotheMFCC-basedystemtrainedon the Verbmobildata.
The stateclusteringstepin theHMM training procedureyielded3359statesusinga clustering
thresholdof 75. The codebookwvasupdatedat eachiterationof Baum-Welchre-estimation.

4.3 Recognition Results and Error Analysis

Table4.3 shows the word error rateson the Verbmobiltestsetobtainedby the MFCC andthe
AF systemsTheword errorrateof the MFCC systemis lower thanthatof the AF systemby a
total of 1.44%.This differenceis 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,substitutionsdeletionsandinsertionson the cleanVerbmobil test
setobtainedby thebaselineMFCC andAF systems.

As before,we are not (only) interestedn the word error ratesobtainedby the differentsys-
temsbut in differencesat a qualitative level, which requiresa moredetailederror analysis As
mentionedabove, the Verbmobilrecognitiontaskis muchmore complex thanthe Numbers95
recognitiontaskwhich wasthe basisof theexperimentdescribedn Chapter3. Not only arewe
dealingwith numerousspontaneouspeectphenomenauchasdisfluenciesstrongcoarticula-
tion, etc.,the systemalsohasa muchlargervocaklulary, which, comparedo a small-vocalulary
task, introducesfurther error sourcessuchas searcherrorsdueto pruning. For this reasonit
did not seemadequateo limit the error analysisto a comparisonof frame-lavel and word-
level errorrates.We thereforedecidedto apply a methodwhich wasbettersuitedto evaluating
a large-vocahulary recognitionsystem.One suchmethodwas developedby Chase[21]. Her
methodof cateyorizing speechrecognizers’errorsis basedon comparingthe time alignment,
languagemodel scoresand acousticscoresof eachword in (a) the recognitionoutput of the
systemto be evaluated and(b) in the forcedalignmentof the testsettranscriptionandthe test
data,usingthe samesystem For eachword in the two differentoutputs thetime alignmentihe
languagemodel scoreandthe acousticscoreare recorded Moving from left to right through
eachutterance theseoutputsare then comparedn orderto identify so-callederror regions
Whena non-matchingsegment,i.e. differentwords or wordswith a differenttime alignment
is detectedthe beginning of anerrorregion hasbeenidentified. The error region continuesup
to the next matchingsegment.Within eacherrorregion, the (normalized)acousticandlanguage
modelscoresare addedup to yield a combinedscore.Error regions canthenbe classifiedde-
pendingon how the combinedscoresof the recognitionoutput(HYP) compareto thoseof the
forcedalignmentoutput(REF). Therearesix possiblecategyories,asshowvn in Table4.4.If the
combinedscoreof the REF systemis betterthanthatof the HYP system the error region will
beclassifiednto oneof thecellsin theleft-handcolumn.More preciselyit will be placed

¢ into cell REF-1if the HYP languaganodel (LM) scoreis betterthanthe REF language
modelscoreandthe REFacoustiqAC) scoreis betterthanthe HYP acousticscore,

¢ into cell REF-2if the REFlanguagemodelscoreis betterthanthe HYP languagemodel
scoreandthe REF acousticscoreis worsethanthe HYP acousticscore,and

Lallowing for asmallframetoleranceof 2 or 3 frames.
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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: Classificatiorof errorregionsaccordingto [21].

¢ into cell REF-3if boththelanguagenodelandacousticscorearebetterin the REFthan
in theHYP system.

Theclassificationinto cellsin theright-handcolumnproceedsnalogouslyor theerrorregions
wherethetotal HYP scoreis better

The error catgyoriesin Table 4.4 are interpretablewith respectto the potentialsourceof the

error. If the errorregion hasbeenassignedo oneof the cellsin theleft-handcolumna search
error hasoccurred- both the languagemodel and the acousticmodelshave favoredthe right

solution,but the right solutionwaseliminatedat somepoint duringthe searchprocessin order
to minimizethesetypesof errors,the beamsearchandpruningparametersf thedecodercould

be adjusted.Theerrorsin theright-handcolumn,by contrastaremodelingerrors.Theseoccur
wheneitherthe HYP acousticscoreor the HYP languagenodelscoreor bothscorescontribute
to preferringtheincorrectover the correctoption. Possiblecausedor this mightbe

e confusiondetweerdifferentacoustiomodels,
e pronunciationvariantswhich arenot modeledn therecognitionlexicon,
e incorrectreferencdranscriptions,

e word sequencem thetestsetclassifiedashighly improbableby thelanguagemodel,etc.

Chaseusedurther, morespecific,errorcateyories,viz. out-of-vocalulary (OOV) wordsandho-
mophonesubstitutionsTheseareuniquelyidentifiableerror sourcesvhich shav characteristic
patterns OOV wordsarewordswhich do not occurin the training setand,asa consequence,
arenotrepresenteditherin therecognitionlexicon or in thelanguagenodel.Unlesstherecog-
nition systemincludesa specificstratey for identifying andtranscribingOOV words,thereis
no chanceof recognizingthesewords correctly OOV words can be explicitly marked in the
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referenceranscription— if an errorregion hasbeenfound which includesan OOV word it is
automaticallyassignedo the OOV cateagory.

Homophonesubstitutionsmay occurwhentwo or more words are presentin the recognition
lexicon which have the samephonetranscriptionbut a differentorthographyand/orsemantics
and which are confusedin the recognizers output. Examplesof thesein the VERBMOBIL
recognitionlexicon are das and daf3 (that (determiner)and that (conjunction))or Meier and
Meyer (propernames).

For our purposesve have addedafurtherspecialcateyory: errorregionscausedy disfluencies.
Thiscatggoryincludesall instance®f falsestartsandpartialor interruptedvords.As in thecase
of OOV words,thesearespeciallymarkedin thereferencdranscriptionsandanerrorregionis
automaticallyassignedo the correspondingategory if it containsa disflueny mark.

Accordingto theseprinciples,an error analysiswas carriedout both for the acousticandthe
articulatorysystem.In computingthe languagenodelandacousticscoresthe scoresor OOV
wordswere not taken into consideratiorasthey would have distortedthe overall relative dis-
tancebetweenthe HYP and REF scoresin the restthe utterance Furthermore grror regions
which occurredsolely dueto the presencer absencef noiseor silencewere not considered.
The sameholdsfor errorsdueto confusionsbetweendifferentnoisemodels.In computingthe
combinedHYP andREFscoresthelanguagemodelweightingfactorusedduringdecodingwvas
takeninto accountErrorregionswhich containedoint occurrencesf OOV words,disfluencies
or contractionswere multiply classifiedinto the correspondingateyories.However, multiple
occurrence®f the samespecialcategory within oneerrorregion did not leadto anaccumula-
tion of errorcounts.Thus,althoughseveral OOV wordsmayoccurin oneerrorregion, theentire
region wasonly classifiedas OOV once.The resultsof the error analysesareshavn in Table
4.5.

Two points shouldbe notedin orderto facilitate the interpretationof theseresults:first, the
percentagesumup to a numbergreaterthan 100.0 because- as mentionedabove — several
errorregionsweremultiply classified Secondthe percentagef OOV cateyoriesdiffersamong
the two systemsalthoughin eachcasethe samenumberof OOV wordswaspresenin the test
set.Thisis causedy two factors:(a) anerrorregion maycontainseveral OOV wordsandis then
only classifiedasOOV once,whereaghe sameregion may be broken down into several error
regionsin theothersystemyb) in bothsystemsa smallnumberof testutteranceslid notreceve
analignmentdueto pruningproblems- however, theseutterancesrenotidentical,which may
leadto moreOOV wordsbeingpresenin onesystems outputcomparedo the other

As canbeseentheerrorcatgorywhich hasmarkedly fewerinstancesn theMFCC systenthan
in the AF systemis the category HYP-1. This category groupstogetherall casesvherethe HYP
acousticscoreoverwhelmsthe REF languagemodelscore.As mentionedabove, the potential
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MFCC AF
Total no. of
errorregions 779 793
oov 34.92%| 31.78%
Disflueny 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: Classificatiorof errorregionsin MFCC andAF systems.

causesanbemanifold: highly confusableacoustiaonodels jinaccuratgronunciationrmodeling,
incorrectword transcriptionsetc.

In orderto further determinethe sourceof the errorsin this category, a bottom-upphone-only
decodingwas performedusing monophonemodelsand a phonebigram. The word language
modelandtherecognitionexiconthusdid nothave ary effectontherecognitionoutput.In order
to evaluatethe phonedecodingdoththeframeerrorrate (the percentagef framesdiffering in
phoneidentity in thereferencalignmentandphone-onlydecoding)andthe distancedetween
the phonesequencewerecomputedDistancewasdefinedin termsof phoneticfeatureswvhich
are similar but not identical to our articulatoryfeatures(seeTable A.6 in the Appendix). In
line with Chases procedurethe simpleHammingdistancebetweerthe lists of binary feature-
valueswasusedin orderto evaluatehow stronglythe phonesequencediverge.A differencein
onefeature(i.e. changeof two binary featurevalues)thusincurreda distancevalueof 2. The
phoneticdistancevaluescomputedfor eachincorrectframewereaddedup anddivided by the
numberof incorrectframes.Table 4.6 shows the frame error ratesand distancevaluesfor the
MFCC andAF systemcomputedseparatelyfor differenterror cateyoriesandfor all framesin
thetestset(row six).

Themedianof thedistribution of the AF systems distancevalueswithin category HYP-I (sorted
into binsrangingfrom 0 to 8) is atbin 2, i.e. mosterrorregionshave anaveragedistancevalue
of 2, which correspondso a differencein one phoneticfeature.82% of the error regionshave
a distancevaluelessthanor equalto 4, i.e. mosterror regionsdiffer from the referencan one
or two featuresonly. This shaws that the greaterpart of the error regionsin this category is
phoneticallyhighly confusablewith the“true” modelswhichindicateshatthe majorsourcefor
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Error MFCC AF
Cateyory FER | dist FER | dist
oov 50.2%1| 5.05|| 51.59%| 5.58

Disflueny || 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 monophonelecod-
ings andreferencephonealignmentdor differenterror categoriesandthe entiretest
data(bottomrow).

errorsin this category maybealack of discriminability betweerdifferentacoustiomodels.

Theinferior quality of theacoustionodelsin the AF systemmay have severalcausesFirst, the
featureshemselesmaynotprovide sufficientdiscriminabilitybetweerthecorrectclassandthe
setof incorrectclassesSecondthe bottom-upacoustic-phoneticnodelingaccurag of the ar
ticulatorysystemmaybelower thanthatof theacousticcodebookThird, theremaybealossof
discriminability betweendifferentmodelswhenexpandingthe systemfrom monophoneso tri-
phoneswhich mayberelatedto the differentresultsof the automaticstateclusteringprocedure
in thetwo systems.

Thefirst of thesepossibleerror sourcesvasinvestigatedy computinga measuref classsep-
arability in boththe acousticandarticulatoryfeaturespaceThis is expressedasa discriminant
ratio, @, whichis definedas

V2
where
K
= > Pytrace[Sy] (4.9)
k=1
and
D* = PPy (e — 3 )? (4.10)
Ay ZZ ;

(seee.g.[111]). V2 measureshe within-classvarianceof the featureswith respecto the class
means- thisis simply thesumof thetracesof the class-specificovariancematricest, ..., X,
weightedby the classpriors. D? denotegheinter-classdistancej.e. the distancebetweerclass
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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: Measure®f accurag anddiscriminabilityat variouslevelsin therecognitionsystem
for MFCC andAF recognizers.

meansweightedby the classpriors. ) finally is definedasthe ratio of within-classdistanceto
the between-clasdistanceandrangesbetween0 and 1. A smallervalueof @ indicatesbetter
separabilityof the K classesThe @ valuefor the MFCC featuresetwas 0.525,comparedo
0.675for the AF system shaving thatthe MFCC featuresetleadsto betterseparabilityof the
phoneclasses.

Thebottom-upacoustic-phonetimodelingaccurag (i.e. theidentificationof the correctphone
classwithout any information from the lexicon or languagemodel) is alreadyexpressedoy
theframe-level phoneaccuraciegjuotedabove. An indicationof the differencesat the level of
contt-dependentmodelingis given by the averageentrofy of the HMM statedistributions.
Theaveragestatedistribution entrofy is computedoy

Huul@) = Y mH (@) @.11)

where@ is thetotal setof stateQ = ¢1, qa, --., gar, n; iISthenumberof trainingsamplesssigned
to stateg;, V is thetotal sumof the numberof trainingsamplesassignedo states,

N=3n (4.12)

andH (g;) is theentropy of stateg;, whichwasalreadydefinedin Equatiord.7We obseredthat
alow-entropy distribution indicateshigh acoustichomogeneityof thetrainingsamplesassigned
to the state— thesecanbe modeledby a smallnumberof mixture componentsA high-entroy
distribution characterizestateswhosetraining obsenationsare more evenly spreadacrossa
larger numberof codeboolkclassesilt is thusmoredesirableto have low-entropy statedistribu-
tions. The averagestateentroyy is 3.23in the MFCC systemvs. 3.54in the AF system.

Thevariousseparabilityandaccurag measurearesummarizedn Table4.7. Theinterpretation
of thesedatais thatdifferentphoneticclassesrelessseparablén the articulatoryfeaturespace
thanin the acousticfeaturespace asevidencedby the discriminantratio. This entailsa higher
degreeof uncertaintyatthelevel of vectorquantizationyhichin turn produceghe higheraver-
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Figure4.1: Diagonalsof phoneconfusionmatricesof AF andMFCC systemsBlank boxesrep-
resenthe MFCC systemshadedoxesrepresenthe AF system.

ageentropy of thestate-dependeptrobabilitydistributions.The consequencis alargernumber
of confusionsetweendifferentsubword units,andultimately, a higherword errorrate.

A further illustration of qualitatve differencess provided by the phoneconfusionmatrices
derivedfrom the phone-onlydecodingdescribedabove. Figure4.1 shows the diagonalsof the
phoneconfusionmatrices Again,we canseethattheinformationprovidedby thetwo systemss

partially complementaryn thatdifferentphonesareclassifiedwith varyingdegreesof accurag

by thetwo systems.

In orderto give an overall quantitatve assessmentdf the differencesamongthe AF andthe
MFCC systemthepercentagesf differentvs.identicalword-level errorswerecomputedThese
areshavnin Table4.8. Thenumbersndicatethatabouttwo thirdsof theerrorsmadeattheword

level arenotidenticalin thetwo systems.
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Error type %
bothcorrect 61.44
AF correct, MFCCincorrect|| 5.99
MFCC correct,AF incorrect|| 11.52

bothincorrect 21.05
differenterrors 66.66
identicalerrors 33.34

Table4.8: Error percentagem the outputsof MFCC andAF recognizers.

4.4 Optimizing the Articulator y Recogniz er

We have seenabove that the major reasonfor the poorerperformanceof the AF systemis
the overall confusabilitybetweenphoneclassesn articulatoryspace A numberof stratgies
wereinvestigatedn orderto enhancehe bottom-upclassificatioraccurag andto optimizethe
articulatoryrepresentation.

First, further articulatoryfeatureswere addedto the featuresetin orderto ensurethat certain
higherlevel phonemicdistinctionscould be madewhich were not supportedby the original
articulatoryfeatureset,i.e. distinctionsbetweertenseandlax vowels,suchas/u:/ - /U/. Thisin-
volvedaddinganotheifeaturenetwork with tenselax, nil, andsilence Thecodeboolkcontained
384 classesandhadfull covariancematrices.The bestword error rateobtainedby this system
was30.95%,i.e. noimprovementwasgained.

Secondjn orderto reducethe quantizationossin the codebookthe numberof codeboolkcells
wasincreasedWhereasanincreasdrom 256 cellsin thefirst prototypeof anarticulatorycode-
book to 384 cells in the currentbaselinesystemled to a 1% absoluteimprovementin word
recognitionaccurag, no further improvementcould be obsered whenfurther increasingthe
numberof classe$o 512— onthe contrary the systemperformancelroppedslightly by 0.79%.

As afurtherstratayy for optimizingthearticulatoryfeaturespacethedimensionalityof thespace
was reducedby applying Principal ComponentsAnalysis. The first 18 principal components
wereselectedwhich covered95.6%of the varianceof the data.The size of the codebookwas
increasedn orderto matchthe numberof parametersn the articulatorybaselinesystem.The
intentionof this procedurevasto restrictthe modelingeffort to modelingonly theinformation-
bearingcomponent®f thearticulatoryrepresentationl heresultingsystemhowever, shoveda
slightlossin accurag —the bestword errorrateobtainedn this experimentwas31.81%.

A furtherexperimentinvolvedthe additionof first-ordertemporalderivativesto the basicartic-
ulatory features Delta coeficientswere computedwith a window of five framesandaddedto
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the basicarticulatoryfeatures However, during the VQ training the delta coeficients hadthe
effect of collapsingmary of theinitial classesn the codebool{asdeterminedy theinitializa-
tion labels)into a small numberof very large classesan indicationthat the deltacoeficients
weretoo similar acrossdifferentclassesandthustendedto dominatethe basicfeaturesin the
classificatiorprocessThe systemirainedup usingdeltasachieszedaword errorrateof 31.42%.

A numberof differentoptionswerealsoinvestigatedvith respecto HMM initialization andthe
stateclusteringalgorithm.The initial AF systemusedhardstate-tyingin theinitialization pro-
cedure|.e. identicalstatesverecreatedor the beginning, middle,andendpartsof phonemes.
In a differentinitialization procedure physically different stateswere createdfor the various
temporalphasef a phonemeHowever, this initialization procedurded to a systemwith no
significantdifferencen errorrate.Finally, differentclusteringthresholdsveretestedn orderto
controlthe numberof distinct hiddenstates A lower clusteringthresholdof 50 led to a larger
numberof statesbut also hadthe effect of slightly reducingincreasingthe word error rateto
30.80%.A higherthresholdof 100 loweredthe numberof statesand decreasedhe word er-
ror rate slightly to 30.21%.No furtherimprovementcould be obsened by further raisingthe
clusteringthreshold.

In sum,thesestandardoptimizationstrategiesdid not yield any majorimprovement.lt seems
likely thatin orderto improve theaccurayg of the AF systemmorefundamentathangesvould
have to be madeto the modelingapproachFor instance entirely differentmodelingschemes
suchasseggmentaHMMs couldbeusedn orderto capturghetemporalevolution of articulatory
features Another possibility might be to automaticallyadaptthe lexical representatioto the
articulatoryfeaturerepresentatiorg.g. by clusteringthe phoneclassesuchthatthe clustered
classesremoreeasilydistinguishableHowever, thismayin turnleadto increaseaonfusability
betweendifferentwordsin therecognitionlexicon, sothatthis procedurevould needextensve
optimization.

4.5 Combination

Although the AF-basedrepresentatiomoesnot seemto provide major advantagesover the
MFCC representatiorit doesyield informationwhich is partially complementaryo thatin the
MFCC systemThisis evidentfrom boththe phoneconfusionmatricesandthelarge percentage
of differentword-level errors.Although thesedatado not yield a generalphoneticinterpreta-
tion of the strengthsandweaknessesf the differentsystemsthey clearly demonstrat¢hatthe
MFCC systemandthe AF systenfocuson differentspeechsounds.

Giventhatthe systemsnalke differenterrors,we shouldagaintake alook at variouspossibilities
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of combiningtheir outputs.We will first addresghe issueof combiningsystemsat the HMM
statelevel beforeinvestigatingword-level combiningstratgjies. Finally, we look at different
methodgor combiningthe articulatoryandacoustiaepresentationat the featurelevel.

45.1 State-Level Combination

In the context of a large vocalulary recognitionsystemthe procedureof training a higherlevel
classifierto combinethe statelikelihoodsof the individual systemsinvolves a prohibitively
large computationakffort. For this reasonwe limited state-l&el combinationexperimentsto
thelinearcombinationrscheme®f thetypediscussedn Chapter3. Thelinearcombinatiorrules
(repeatedherefor corveniencelereformulatedabove in termsof posteriomprobabilitieswhere
p(wk|x,) Wasthe probability of classk givenobsenationx,, which senesasinputto then'th
classifier

e productrule
[Tn—1 P(we[%x)

P(wg|x1, ..., XN) = (4.13)
(rler ) Zli(:l Hﬁ:l P(w|xn)
e sumrule N
1
P(wglx1, .., XN) = N Z P(wg|xn) (4.14)
n=1
e Mmaxrule
Pluyl ) max, P(wk|Xn) (4.15)
Wg|X1,-.-, XN ) = .
Zszl max, P(wg|Xn)
e Mminrule
My P n
P(wk\xl, ...,XN) = mn (wk|x ) (416)

- Z,ﬁ;l ming, P(wg|xy)

This formulationwas directly applicableto the outputsof the Multi-Layer-Perceptronsn the
hybrid systemwhich, aswe notedbefore,approximateBayesianposteriorprobabilitiesin the
least-squareenseBy contrastthe Gaussiamixtureclassifiersn thecurrentrecognitionsystem
estimatethe lik elihoodsp(x, |wy ), which arethencorvertedto log-likelihoodsfor decoding It
shouldbe notedthatthelikelihoodp(x, |wk) is dependenon the dimensionalityof the feature
vectorx —thelik elihoodsresultingfrom differentsystemselying on featurevectorsof different
dimensionalitieswill thereforehave differentrangeswith fewer featurestypically resultingin
larger likelihoodvalues.The lik elihoodsshouldthereforebe appropriatelyscaled We perform
this scalingby normalizingby the acousticlikelihood p(x, ), which is simply the sum of the
likelihoodsp(x,|wy) overall classes::

P(Xn|wk)

> pCaln) #17)

Prorm (Xn |wk) -
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If we assumehat classegstateshave uniform prior probabilitiesin the differentsystemsthe
combinationof normalizedlik elihoodswill be proportionalto the combinationof the posterior
probabilitiesp(wg |xy,).

The HMM/ANN hybrid systemsdiscussedn the previous chaptershad identical numbersof

states- every outputunit of the phoneMLP correspondetb a statein the recognitionlexicon.

In this case however, the systemsave differentnumbersof physicalstatesdueto theautomatic
stateclusteringmethoddescribedabove. In orderto be ableto combinestateemissionproba-
bilities we combineemissiondor thosestateswvhich arereferencedy the samelogical name—

thus,for ary givenstate emissionganbe combinedalthoughthey stemfrom physicallydiffer-

entstatedefinitions.An additionalquestionis raisedby thedifferentstatetransitionprobabilities
in thedifferentsystemsWe testedthe following possibilities:

e usingthetransitionprobabilitiesof the MFCC system,
e usingthetransitionprobabilitiesof the AF system,

e usingtheiraveragej.e.
(aj; + a))

wherea;; is thetransitionprobability from state: to statej in then'th system,
e usingtheirnormalizedproduct
al.a2
g = LY ] (4.19)

= <K 1.2
2 k1 Cig Qi

whereK is thenumberof differentoutgoingtransitionsfor states.

The bestresultswerein eachcaseobtainedby taking the normalizedproductof the transition
probabilities.Table4.9lists theresultsof the state-l@el combinationexperimentsand,for com-
parisonthebaselinerecognitionresults.

As we cansee,improvementover the baselineMFCC systemareobtainedby the min rule and
the productrule; however, the only significantimprovements the productrule combinationre-
sult. We thusseeour previousobsenationsconfirmed viz. thatthe optimalcombinationrscheme
is basedon a productcombinationof scores.

In the above experimentsthe scoresfrom both systemswere not weightedwith respectto
eachother However, the individual contributionsmay be modified by eitherstaticor dynamic
weights.Several experimentavere carriedout wherea weightedproductcombinationrule was
used,.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 Verbmobiltestsetby the baselineAF and MFCC
systemsandby differentlinearprobability combinatiorrules.

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.

12, Poafu)™ d
n 0<7% <1 ym=1 (4.20)
Skt ITnzy P(xawi) ! nZ::l !

wherethe weightswerefound by a searchover possibleweightsbetweer0 and1. Several dif-
ferentweightedcombinationded to animprovementover the unweightedcombinationscheme
(seeTable4.10).

P(Xla sy XN‘W]‘;) =

Most of the resultsobtainedin the weightedcombinationexperimentsled to a significantde-
creasein word error rate comparedo the MFCC baseline However, with respectto the un-
weightedproductschemethey only shaved maginal additionalimprovementswhich are not
statistically significant. More substantiaimprovementsmight be gainedif dynamicweights
wereusedinsteadof staticweights.As shavn in [70], weightedframe-level classifiercombina-
tion in speeclrecognitioncanbenefitfrom higherlevel information,i.e. informationaboutthe
correctnes®f the word or utteranceThus,confidencevaluesderived from the individual sys-
tems’recognitionpassesanbeusedat a post-processingtageasdynamicstate-le@el combina-
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tion weights.Alternatively, combinationweightscould be associateavith wordsor individual
HMM statesandcouldbetrainedaccordingto a discriminatie criterion.

4.5.2 Word-Level Combination

Typically, speechrecognitionsystemsshown a greaterconfidenceof decisionat later stagesn
therecognitionprocessA betterway of combiningdecisiondrom two differentsystemsnight
thereforebe to re-evaluatetheir joint outputsat the word or utteranceevel. Two methodsof
systemcombinationabove the statelevel which have beenemployed previously areHMM re-
combinationandN-bestlist rescoring.

In HMM recombination(also referredto as HMM decomposition)118, 15 two (or more)
HMMs arecombinedby a productoperationLet \; beaHMM with statespaceS;, a vectorof
startprobabilitiesr;, a matrix of statetransitionprobabilitiesA,, anda matrix of stateobsena-
tion probabilitiesB,. Analogously let A\, be anothetHMM with \y =< &5, 72, A5, By >. The
productHMM isaHMM X with ' = 8§, ®S,, 7’ = 1y @, A' = A1 ® Ay, andB’ = B, ® B,.
Thus, the statespaceof the nev HMM is formed by the Cartesiarproductof the statespaces
of the two original HMMs, the component®f the vectorof startprobabilitiesare productsof
the correspondingomponentsn the original startprobability vectors,andthe elementsof the
matricesA’ and B’ are productsof the correspondingelementsn A, and A, and B; and B,
respectrely. Althoughthis methodcanbe usedfor simplestate-l&el combination(asin [118]
and[116]), the original HMMs canalsobe equatedwith larger units suchasdiphonesor syl-
lableswhile disregardingtheir internal structure thus enablinghigherlevel combination.This
possibilitywasusede.g.in [15] for syllable-lezel combinationof subbandtreams.

Combinationby N-bestlist rescoring(e.g.[124]) involvesmeming the lists of thetop N hy-

pothesedor eachutteranceoutput by the differentrecognitionsystems.Theseare combined
into a lattice which canbe rescoredusingadditionalinformation,suchas normalizedacoustic
scoreslanguagamodelinformation,andconfidencevalues.

Thefirst of thesemethodsHMM recombinationwasnot suitablefor our task.The sizeof the
statespaceof the HMM producedby HMM recombinationincreasesxponentiallywith the
numberof statesin the original HMMs. For a large vocalulary systemwith a large number
of internal statesand a sizeablesearchspace this procedureturns out to be computationally
too expensve. N-bestlist meiging wasnot directly applicableeithersincethe presentsystems
arebasedon a one-bestlecoderHowever, the single bestoutputsequencefrom the different
systemsnaybe combinedn asimilar way.

The prevalentapproachfor combining one-besthypothesedrom differentrecognizerss the
RecognitionOutput Voting Error Reduction(ROVER) algorithm developedby Fiscus([44].
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Figure4.2: Recognizehypothesesombinationby the ROVER method.

ROVER works by constructinga new word transitionnetwork from the bestword sequences
outputby a numberof differentrecognitionsystemsfollowed by rescoringthe new transition
network by avoting module.Thealignmentmodulearbitrarily designatesneword sequencas
thereferencenord sequenceAll otherword sequencearetheniteratively alignedagainsthis
referencesequencdy meansof a minimal-costdynamicprogrammingprocedurelf the two
wordsthat have beenalignedwith eachotherareboth correct,identicalcopiesaremadein the
resultingword transitionnetwork. If they differ, alternatve branchesareadded.Insertionsand
deletionscausenull transitionto be added(cf. Figure 4.2). The voting moduletransitionsthe
word network from left to right and,at eachnode,chooseghe best-scoringputgoingarc. This
rescoringorocedureas basedntheconfidencevalues(rangingbetweerD and1) assignedo the
arclabelsby their respectie recognizersThreedifferentrescoringschemesveretested:

(a) voting by frequeng of occurrence,

(b) aweightedsumof frequeng of occurrenceandaverageword confidence,

(c) aweightedsumof frequeng of occurrencendmaximumword confidence.

At eachposition: in the word transitionnetwork, the first methodpicks that word w which
hasthe largestnumberof occurrencest positioni, N(w, 1), relative to the total numberof
hypothesesy,,;. The othermethodscomputescoresaccordingio

Score(w) = a(N(w,i)/Not) + (1 — a)C(w, 1), 0<a<l1 (4.21)

whereC'(w, 7) is eitheran averageor a maximumconfidencescore.Null transitionsare setto
aconstantCon f(@). The valuesof both Con f (@) and«a aretrainedby minimizing the word
errorrateon atrainingset—thisis doneby a greedysearchoverthe spaceof possiblevaluesfor
theseparametersThe ROVER algorithmwasusedin the LVCSR 1997 Num 5-E Benchmark
TestEvaluationsin orderto combinethe outputsfrom five differentrecognitionsystemsAn
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wir missen wir funf Tage zusammen gekommen
wir mussen wieder funf Tage xxx zusammenbeknmen

Figure4.3: Dynamic-programminglignmentof hypothesegrom MFCC systemand AF sys-

tem.
wir [181..191] wir [179..189]
mussen [192..217] mussen [190..217]
wir [218..232] wieder [218..232]
funf [233..258] funf [233..257]
Tage [259..287] Tage [258..285]
zusammen [288..324] zusammenbeknmen [286..365]

gekommen [325..363]

Figure4.4: Temporalalignmentof word sequenceshavn in Figure4.3.

absoluteword error reductionof 5.3% (a relatve reductionof 11.8%)was achiesed in these
experiments.

Although this procedures simple and intuitive, it hastwo major dravbacks.One of theseis

the dynamicprogrammingalignmentprocedure This alignmentalgorithm doesnot take into

accountthe absolutetime alignmentof the individual word sequencéiypotheses- it findsthe
minimal-costmatchbetweertwo stringsbasedn penaltyfunctionsfor insertionsdeletionsand
substitutionsFor this reasonthetemporalorderingof hypothesestemmingrom differentsys-
temsmay be distorted.Considerthe examplefrom the Verbmobiltestsetshown in Figure4.3,

wherethe outputfrom the AF basedsystemwas string-alignedto the outputfrom the MFCC

systemwhichwasusedasthereferencdranscriptionComparehisto theactualtime alignment
of the utterancesn Figure4.4. Here,the startandendtimesof the word hypothesesreshavn

in termsof frame numbers For this utterancethe ROVER algorithmwould constructa word

transitionnetwork wherethewordszusammeandzusammenbeknmerform asequence-ow-

ever, ascanbeseernfrom thetemporalalignmentof thedifferentword hypothesisequenceghe
two separatevordszusammemndgekommenn the MFCC systemcover the samepart of the
signalaszusammenbeknmerin the AF systemlf therescoringnodulehappenedio choosehe
sequencgusammenr zusammenbeknmenit would incorrectlyintroduceaninsertion.These
hypotheseshouldinsteadconstituteparallel pathsin the word transitionnetwork in orderto

preventthis effect.

In the Verbmobilcorpusthisis notanisolatedexample;similar misalignment®ccurfrequently
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Oneof the reasongs thatword formationby compoundings extremelycommonin German.
Therearenumerouscompoundsn the recognitionlexicon whosecomponentsre eitheriden-
tical to, or closelyresemblepther(shorter)wordsin the lexicon. Grammaticalnflectionsare
anotherfactor contrikbuting to this effect asthey areresponsibleor a large numberof words
which areacousticallyhighly similarandmay easilybe confuseddy therecognitionsystemAs

a consequenceg longerword may be split up into two or more shorterwordswhich arethen
incorrectly aligned by the dynamic programmingprocedure Further examplesof this prob-

lem which were obsened in the test set are “kurzer Termin” vs. “Kurztermin”, “da war”
vs.“dabei”,“vierzehnten'vs. “vierzehnden”, “dreif3igsten’vs. “dreil3ig denn”etc.

The algorithm which was developedin this thesisis differentfrom ROVER in thatit makes
useof time alignmentinformationduring the constructionof the word transitionnetwork. Fur-
thermore,unlike ROVER it usescontet information (in the form of languagemodel scores)
duringtherescoringprocessandis basedon a differentrescoringformula. In orderto describe
the algorithmwe will first definesomegeneralgraph-theoreticatoncepts. In the contexts of
speeclrecognition theconcepof aword graphhaspreviously beenusedwith variousdifferent
interpretation®.9.[94, 2]). For our purposeswe defineit asfollows:

Definition 2 Word Graph: We definea word graph§ asa a quadrupleG =< N, &, L, N >,
whee

e N = {ny,ny,...,n,} is a nonemptyset of nodes.Each nodeis representedby a pair
< 1i,t >, wheei isanindex andt atimepoint.

e £ =N x N x W x Lisanonemptyetof edges.Edgesare directed,.e. (n,n',w,l) €
&= (n,n,w,l) ¢ E.If nisastartpointfor edge e wesaythate is incidentfrom n. If n
is anendpointfor edge e wesaythate is incidentto n.

o L ={l,ls,..., 1, } isanonemptysetof edege labels.In the currentcontext, theseare word
hypothesidabels.

o W = {wy, ws, ..., w; } iSanonemptysetof weights.Theseypically representheacoustic
scolesassociatedvith theword labels.

Definition 3 Adjacency. Two nodesn; and n; in a word graph are adjacentif Je =
(ni,nj, w;, l;) € £. Two edgese; ande; in a directedgraph are adjacentif e; = (n;, nj, wi, ;)
ande; = (nj,ng, w;, 1;), i.e. theendnodeof thefirstedge andthe start nodeof the secondedge
areidentical. We denoteadjacencyby n, —+ n; ande; — e;, respectively

2Seee.g.[20] for anintroductionto graphtheory



98 4 Articulatory Features for Large Vocabulary Conversational Speech Recognition

Definition 4 Path: A pathp in a directedgraphis a sequencef edges,p = (e1, e, ..., €,) SUh
that for anytwo edgese; ande; 1, e; — e;+1. Thelengthi, of pathp is the numberof edgesin
thepath.

Definition 5 Spanning Edge A spanning edge occuis when there exist an edge e =
(ns, nm, wy, [;) € € anda pathp in G sud thatp startsin n; andendsin n,,, andhasa length
l, > 2,1.e. onesingleedg spansa sequencef several edges.

Therearecertainconditionson aword graphwhich mustbefulfilled:

e G hasadistinctstartnoder, representinghestartof theutteranceThus,3r € NAds e N
suchthatr — s AVn € N, n # r,n / r. Thatis, thereexistsanodein theset\/, which
hasatleastonesuccessor, andwhichis nota successoto ary othernode.

e G hasadistinctendnodef, representinghe endof theutterancei.e. 3f e N Ads e N
suchthats — f AVn € N,n # f,f / n. Thatis, thereis a nodein A/ whichis a
successoto atleastoneothernodeandhasnot successoitself.

e thegraphmustbe acyclic This meansthatthereexists no pathp in the graphsuchthat

b= (ei,€i+1; ---,ei)-

e thegraphmustbe connectedFor all nodesn; € N otherthanthedesignate&ndnodef,
thereis anedgeincidentfrom thatnode.

Let usnow turnto the constructiorof aword graphfrom the bestword sequencesutputby the
individual recognitionsystems.Unlike the ROVER algorithm, our algorithm simultaneously
combineghesesequencesto a word graph.It is thusnot the casethat oneword sequencés
consideredhe basicreferencesequenceagainstvhich theotheris aligned.Theword sequences
arerepresente@sword lattices,whereeachentry consistsof a word hypothesidabel, a start
time, an endtime, anda score.Both latticestogetherconstitutethe lattice databaseThe word
graphis thenconstructedsfollows:

Word Graph Construction from Hypothesesdl.attices

1: sortall word hypotheses thelattice databas@ccordingto their starttimes

2. createarootnodewith starttime¢ =0

3: for eachword hypothesisn thelattice databaselo

4:  for all nodesn the partialword graphconstructedgofar (startingwith the mostrecently
createchodeandgoingbackin time) do
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10:
11:
12:
13:
14:

15:

16:
17:
18:

19:
20:

21:
22:
23:

24:
25:
26:
27:

28:
29:
30:

checkif the nodeis a possiblestartnode.A possiblestartnodeis definedasa node
whosetime index t,,,4. lies within atemporalwindow w aroundthe starttime ¢, of
the currentword hypothesisThewindow w is definedasty,, +/- n frameswheren is
auserdefinedparameter
if thenodeis nota possiblestartnodeandits time index is largerthant,,,, — n then
continue
elseif the nodeis not a possiblestartnodeand its time index t,,,4. iS smallerthan
thyp — 1 then
break
elseif thenodeis a possiblestartnodethen
attachtheword hypothesisasanedgeincidentto thatnode.
endif
endfor
for all nodesin partial word graphconstructedso far (startingwith the mostrecently
createchodeandgoingbackin time) do
checkif the nodeis a possibleendnode,in analogyto the procedurdan the previous
step
if thenodeis nota possibleendnodeandits time index is largerthant,,,, — n then
continue
elseif the nodeis not a possibleendnodeandits time index is smallerthanty,, — n
then
break
elseif thenodeis a possibleendnodeandno edgewith the samelabelandstartnode
is incidentto thatnodeyetthen
attachthe currentword hypothesisasanedgeincidentto thatnode.
else
createa new nodein theword graphandattachthe hypothesisasanedgeincidentto
thatnode.
endif
endfor
endfor

createanendnode f andedgeshetweernthe endnodeandall othernodesin G not having
ary successoedges
while two edges: andb exist in thegraphwhich arespannedy a singleedgedo
join ¢ andb
endwhile
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das ware wunderbar wenn es bei lhnen auch geht

o— 00— 0—>O0—>O0—>0>»0—>0—>0—>0

das wirde wunderbar  wenn es denn auch  geht

O—>»0O0—»O0——»O0—»O)—>»O———>O—>»O—»0

) bei lhnen
ware
das /\‘ wunderbar wenn es /\ auch  geht
o0 UO—»O —>0—>0 o0 -0
wirde
denn

Figure4.5: Combinationof word sequencemto word graph.

This algorithmgeneratea compactrepresentationf competinghypothesesand, morecoer, en-
suresthat hypothesesvhich cover the sametemporalinterval are representeds alternatve
pathsin the graph.The parametern determineghe densityof the graphasit decidesamong
otherthings,whetherhypothesesvith the samelabel but differentstartor endtimesshouldbe
collapsedor not. If the differenceexceedsn frames,they arerepresentedstwo distinct hy-
pothesesif not,they arecollapsednto one.Thefinal stepof joining edgesspannedy asingle
edgeis performedin orderto ensurethat all individual edgesincidentfrom a nodecover the
sametemporalinterval. The join operationcan formally be definedas follows: given a path
p = (ni,nj, wi, ), ..., (N1, np, wy—1, l,—1)) constructanedgewith startnoden; andendnode
n,, aweightw = W andalabell = [, o ... o I,_;, whereo is aconcatenatiomperator
Thecombinationof word sequencesto aword graphis schematicallyshovn in Figure4.5.

A positive side-efect of this combinationmethodis that the compleity of this algorithmis
linearasopposedo thequadraticcompleity of thedynamicprogrammingalignmentalgorithm
whichis usedin ROVER. Stringalignmentvia dynamicprogramminghasthecomplexity O(n?)
in time, wheren is the length of the longerof the two sequencesvhich areto be aligned.In
our algorithm,two basicoperationsneedto be carriedout for eachentryin thelist (of length
n + m) of lattice entries:finding a startnodeandfinding an endnode.In eachof thesesteps,
only asmallnumberof word graphnodesin theimmediatevicinity of the currenttime stampis
consideredor attachingthe word lattice entry — the precisenumberof nodecandidatevaries
but is notdependenotn thelengthof thelist of lattice entries.With respecto the compleity of
thealgorithm,thenumberof candidatenodescanthereforebeconsiderec constank. Thus,the
time compleity of ouralgorithmis O((n+m)k), wheren andm arethelengthsof thetwo word
sequencegespectiely. The initial sorting procedureappliedto the union of the word lattice



4.5 Combination 101

entriescanbedonein O((n 4+ m)log(n + m)) time, thustheentirealgorithmis belon quadratic
complity. If only two word sequenceare consideredthis may not be of greatsignificance;
however, if morethantwo word sequenceareto becombinedg.g.in the caseof combiningthe
outputsfrom morethantwo recognizeror whencombiningN-bestsequenceshe advantages
quickly becomeohvious.

After the word graphhasbeenconstructedit is traversedin searchof the best-scoringpath,
which is assumedto correspondto the best word sequenceThis searchis performedby
breadth-firsgraphtraversalwhich, at eachnode,evaluatesall edgesncidentfrom thatnode.

Word Graph Rescoring

seti=0,string=0

while < N (thenumberof nodesin thegraph)do
for eachedgee,, incidentfrom node; do

computethe scorewy,

endfor
selectthe edgee;, with minimumaw;,
seti to theindex of theendnodeof ¢,
setstring=stringol

endwhile
returnst r i ng asthebestword sequence

=
e

In the rescoringexperimentshe edgescoreswere computedrom the acoustidog-likelihoods
outputby eachsystemJanguagaemodelscoregoptional)andconfidencevalues(optional).Var
ious normalizationproceduresiadto be appliedto the acoustidik elihoods:first, sincethe de-
coderoutputsacoustidik elihoodswhich have beenaccumulatedver all framesin thetheword,
they needto be normalizedby the durationof theword. This canbe donein the lineardomain
(i.e.dividing thelik elihoodby the numberof framesin theword) or in thelog domain(subtract-
ing thelogarithmof the duration).Additionally, the likelihoodsfrom the two differentsystems
needo benormalizedsince(asexplainedabove)they arenotdirectly comparable-in particular
thelikelihoodsin the AF systemareglobally lower thanin the MFCC system.This normaliza-
tion canbeachiezedby applyingscalingfactorsa. and(1 - «) to thelik elihoodsfrom thedifferent
systemsThe valuesfor thesescalingfactorsweredeterminedy a searchover all possibleval-
uesin therangel0,1]. Languagamodelinformationis representeth termsof the bigramscores
ateachnodetransition.Theconfidencevalueswerecomputeddy generatingnultiple decodings
(atotalnumberof tendecodingsvasusedfor thepresenexperimentspf thetestsetfor boththe
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WER INS | DEL SUB
27.97%| 2.30%| 7.25% | 18.43%

Table4.11:Lowestword errorrateobtainedusingword-level rescoring.

acousticandarticulatorysystem respectrely, while varyingthe languagemodelscalingfactor

(‘languagemodeljitter’). Thenumberof timeseachwordin thebest-scoringlecodingappeared
in all otherdecodingsdividedby thetotal numberof decodingsyasthenusedasa confidence
valuefor thatword.

Thebestresultwasobtainedusinglinearly normalizedacoustidik elihoodsandlanguagenodel
scores.The optimal scalingfactor for the AF and MFCC systemsturnedout to be 0.7 and
0.3, respectrely. The word error rate obtainedby this constellationwas 27.97%,which is a
significantimprovementoverthe MFCC baselinewvord errorrate.

Whereasthe use of contet informationin the form of languagemodel scoresgenerallyled
to animprovement,it was found that confidencevalueswere lessuseful. The reasonfor this
may be that the confidencevalueswere derived using a very simple procedureand were not
accurateenoughin orderto furtherimprove results.However, confidencevaluesmight turn out
to be helpful if moresophisticatedonfidenceestimationmethodsvereused.Furthermorethe
rescoringprocedureproved fairly sensitve to differentnormalizationschemesppliedto the
acousticlog-likelihoods.For successfulvord-level combinationit is crucial thatthe all of the
individual factorscontributing to the word hypothesisscoresaswell astheir relative weights,
areoptimized.

45.3 Feature-Le vel Combination

We have seenin the precedingsectionsthat recognizercombinationat the stateor word-level
involvesa fair amountof computationakffort for large-vocalulary systemsin eachcasetwo
completesystemshave to be trainedbeforetheir decisionscan be combined.In the caseof
word-level rescoringthe combinationproceduretakes placeat the post-processingtage;thus,
in additionto training,two completerecognitionpassesiave to becarriedoutaswell. How can
we take advantageof thefactthatthe AF systemprovidesinformationcomplementaryo thatin
the MFCC systemwithout having to go undepgo the effort of doubletrainingand/orrecognition
proceduresTheobviouschoiceis to combinetheacoustiandthearticulatoryrepresentationst
thefeaturelevel, i.e.therecognitionsystems basednacombinedeaturespacevhichincludes
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 subsef the union of the setsof MFCC featuresandarticulatory
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WER INS | DEL SUB
33.30%| 2.06% | 9.44% | 21.79%

Table4.12:Word errorratesobtainedoy PCA onthejoint MFCC+AF featurespace.

features.

4.5.3.1 Principal Components Analysis

As afirst attemptat reducingthe combinedfeaturespacewhile retainingasmuchinformation
aspossiblewe appliedPrincipal Component#nalysis(seeSection3.2.3). The transformation
matrix ¢ was derived from the combinedMFCC+AF featurevectors— subsequentlythe 39
largestprincipal componentsvere selectedfor the new system.Thesecovered97.6% of the
variance A completesystemwasthentrainedon the basisof theseprincipalcomponentsysing
a256-classodeboolwith full covariancematricesTable4.12shavstheresult.Theword error
rateof 33.30%is significantlyworsethaneitherof theword errorratesobtainedoy thebaseline
systemsAn explanationfor this might be the negative interactionbetweenembeddedraining
anda representatiom termsof principal componentsvhich wasalreadyobsenedin Chapter
3.

45.3.2 Discriminative Feature Selection

The objectve of this studyis not only to improve the performancef a speechrecognitionsys-
temby addingarticulatoryinformationbut alsoto analyzewhatinformation,if any, articulatory
featurescanyield in additionto standardgspeecHeaturesFor thisreasonjt seemediesirableo

additionallyapply a selectionmethodwhich would allow usto retainthe interpretationof the
individual featurevectorcomponentsOne suchfeatureselectionmethodwasthe information-
theoreticselectiomalgorithmpresentedn Section3.2.3.Theselectioncriterionwasto eliminate
thosefeatureswhoseelimination changeghe overall conditionaldistribution of the classe<?

giventhe featureset 7, P(Q2|F), aslittle aspossible.In the subsequentombinationexperi-
ments however, we sav thatcombinatiorworksbestwhentheresultingprobabilitydistribution
is asdiscriminative aspossible,.e. thetrue classis distinguishedaswell aspossiblefrom the
incorrectclassesHow canwe definea featureselectionprocedurehattakesaccountf thisfact
andselectsafeaturesubsewhichis maximally discriminatve?

Onediscriminatve featureselectionmethodwas presentedy Bocchieri& Wilpon [14]. The
intentionof their studywasto selectthe mostsignificantcomponentgrom a standardeature
vector composeddf 12 LPC coeficients, their first and secondderiatives, plus the first and
secondderivativesof the frame enegy. Undertheir approachthe selectionof a featuresubset
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is basedon rank-orderinghe featureswith respecto anoptimizationcriterionandthenchoos-
ing the N mostsignificantfeatures.The optimizationcriterion which they employed can be
interpretedas the maximizationof the ratio of the between-classlistanceto the within-class
distanceThefeatureselectiormethodwasdevelopedwithin a Gaussiamixture acoustianod-
eling framework; thedistanceof obsenationsto acoustiomodelsis thereforeexpressedn terms
of thelikelihoodcomputedoy evaluatingthe Gaussiammixtures.More precisely the distanceof
afeaturevectorcomponentr,, to a single Gaussiampdf # with diagonalcovariancé is defined
as oo

D(zy,0) = B[En—#a)) (4.22)

0
Un

where! is the n’th componenbf the meanvectorof § ando? is the n'th componenbf the

variancevectorof 6. Thus,thedistanceof eachfeatureto the modelis computedoy evaluating

theexponentof a one-dimensionabaussiarpdf.

In orderto computethesedistancevalues,the training datawas alignedto the referenceran-
scriptionsat the phonelevel. For ary given phone,the distancevaluesof the featurevector
componentsvere evaluatedonly with respectto the largest(highest-scoring)mixture compo-
nentof thecorrespondingghonemodel.Thefinal rank-orderingaccordingo thedistancevalues
thendeterminedhe optimalfeatureset. Theapplicationof this methodto speectrecognitionon
smallcorporalike TIMIT andTI digits enabledhe authorsto reducethe numberof parameters
by afactorof 2 without ary significantlossin word recognitionperformance.

Thisfeatureselectiormethodwasdirectly applicableto our Gaussiamixturebasedecognition
systemlIn orderto applyit to the presentaskof selectingthe mostdiscriminatve subsebf the
MFCC+AF featureset, a simple bootstrapsystemwas trained basedon the 65-dimensional
combinedMFCC+AF featurespace.To speedup development,only 256 classesanddiagonal
covariancematriceswereused.An algorithmsimilar to the featureselectionmethoddescribed
above wasthenappliedto a representatie subset(about30%) of the training datausingthe
acousticmodelsof the bootstrapsystem.This datasubsetwas alignedat the statelevel with
the sequencef acoustionodelsbasedon the referencdranscription.The distancevalueswere
thencomputedfor eachframe, usingthe parameter®f the codebookpdfs andthe weightsof
theHMM statealignedto thatframe.Thedistancevaluesfor thecorrectmodelvs. theincorrect
modelsateachframewereaveragedvertheentiredataset;finally the 39featuresvereselected
which shavedthe smallestratio of correctvs. incorrectdistancevalues.

30nly diagonalcovariancematriceswereusedin this study
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Thepreciseselectionalgorithmis asfollows:

Discriminati ve Feature Selection

1: for eachframedo

2. for eachacoustionodelf do

3: evaluatethe mixture of Gaussiansusing the sharedcodebookand state-dependent
weights

4 selectthe largest(highest-scoringjnixture componenin

5 for eachfeaturevectorcomponent: do

6: computeD(n, m) (asin Equation4.22)

7 if # is thecorrectmodelfor this framethen

8 addD(n, m) to D(n)correct

9

else
10: addD(n, m) t0 D(n)incorrect
11: endif
12: end for
13: endfor
14: endfor

15: selectthetop k& featuresvhich minimize

D (n) correct

4.23
D(n)incorrect ( )

The applicationof this selectionalgorithmwith the purposeof selectingthe 39 mostdiscrim-
inative featureseliminatedmostof the articulatoryfeaturesjonly the featuresvowel| fricative,
labial, coronal, glottal, -roundand low were retained.Of the 39 MFCC featuresthe follow-
ing coeficientswerediscardedthe zeroth and secondbasiscoeficients,C, and C,, the first
derivativesof the first, secondthird andfourth basiscoeficients, AC,, ACy, AC5, ACy, and
theseconderivative of thefourth coeficient, AAC,. Theremainingfeaturesverethenusedto
train up a combinedsystemwith a 256-classcodebookwith full covariancematrices.Thefinal
systemachieved a word error rate of 31.08%,which was higherthan either of the word error
ratesobtainedby the baselinesystems.

Theremay be variousreasondor this increasan word error rate:first, it may be the casethat
thebootstrapsystems notaccurateenoughto begin with: thecombinedieaturespacehas65 di-
mensiongut the codeboolkonly contains256 classesith diagonalcovariancematriceswhich
may leadto a poor modelingperformanceThis is alsoevidencedby thefactthatthe bootstrap
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systemachiered a fairly high word error rate of 32.23%.Secondthe frequenciesof different
modelswere not taken into accountexplicitly. Sincethis is a supervisedselectionalgorithm
which takesinto accouninformationaboutthe modelidentity, differentmodelscouldin princi-

ple beweightedor de-weightedelectvely, e.g.accordingo theirfrequeng or theirinformation
content.If noweightingis used frequentmodelscontribute morestronglyto the selectionpro-

cedurethaninfrequentmodels.This may not be desirable As an example,considerparticular
applicationssuchasword spottingor speechunderstandingyhereit may be necessaryo cor-

rectly recognizecertaininfrequentout highly informative words.In thesecaseshe contributions
from the acousticmodelsin thesewords could be weightedmore strongly On a moregeneral
note,modelscould alwaysbe weightedwith respecto their relevancefor higherlevel distinc-
tions. If, for instance the recognitiontask consistsof a spellingtaskinvolving highly similar
alphabetetterssuchasb, c, d, e, g etc.it is obviousthatthe distinctive informationis provided
by theinitial consonantlt is thereforemportantthatthe featuresetis designedsuchthatit can
accuratelydiscriminatebetweertheseconsonants.

A third reasorfor thedropin performancenaybethefactthatthisfeatureselectiormethoddoes
not take into accountthe statisticaldependenciesetweerfeatures- althoughthe featuresmay
be discriminatve whenconsideredn isolation, the resultingoverall featuresetmay be highly
redundantAn optimal selectionmethodshouldthereforebe basedon a criterion which jointly

minimizesredundang andmaximizesdiscriminability.

Neverthelessthisfeatureselectiormethodyieldssomeinterestingnsightsinto thekind of infor-
mationwhicharticulatoryfeaturesnayprovidein additionto standardMFCCfeaturesCompare
the setof articulatoryfeatureswhich wereretainedby the selectionalgorithm,vowel fricative,
labial, velar, glottal, -roundandlow, to the plot of the diagonalsof the phoneconfusionmatri-
ces(Figure4.1onpage88). We canseethatthe phonesvhich arerecognizednorecorrectlyby
the AF systemincludethe roundedvowels/o0,0,2:,9,u:,y:,Y/andthe consonantgk,g,N,b,vh/.
Theseshaw acorrespondenceith theabove featuresn thatoneor severalof thesefeaturescan
beusedto definethe phonesFor instanceit is likely thatparticularfeaturevaluesfor voweland
-roundare picked out by the systemto discriminatebetweenroundedandunroundedvowels.
Similarly, the consonantaplacefeaturedabial, velar, andglottal may helpto moreaccurately
identify thephonegdk,g,N,b,vh/.

4.6 Experiments on Noisy Data

In orderto verify the obsenationsmadein Chapter3 aboutthe performanceof articulatory
featuresin noise,additional experimentson noisy datawere conductedusing the Verbmobil
databaseSincenoisy testdatawasnot includedin the distribution of the corpus,it wasartifi-
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System WER INS DEL SUB A

MFCC pink 30dB | 36.93%| 1.66% | 15.37%| 19.90%| +27%
AF pink 30dB 39.20%| 1.58%| 15.88%| 21.73%| +29%
MFCC pink 20dB | 56.18%| 2.06% | 26.19%| 27.93%| +93%
AF pink 20dB 58.34%| 1.83% | 26.54%| 29.96%| +91%
MFCC pink 10dB | 82.94%| 0.39% | 48.46%| 34.09%| +185%
AF pink10dB 86.54%| 0.17%| 50.47%| 35.81%| +184%
MFCCpink0dB | 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 increasean word errorratecomparedo the
resultson the cleantestset.

cially generatedy addingdifferentnoisesignalsfrom the Noisex databas¢119] to the clean
speechsignals.Specifically pink noiseor babblenoise(a recordingof 100 peopletalking in a
canteenwereaddedo thesignalatvariousSNRs,viz. 0, 10,20and30dB.

Trainingwasin eachcasecarriedout on cleanspeechtestswere performedon noisy speech.
Otherthantheusualchannebdaptatiorby cepstrameansubtractiormentionedabore, no noise
adaptatiorwasperformedn eitherthearticulatoryor theacousticsystem.Tables4.13and4.14
shaow theword errorratesobtainedoy the differentsystemsacrosdifferentacousticconditions,
aswell astheincreasan word errorraterelative to the cleantestcondition.

In general,the word error rates increasedrastically with decreasingsignal-to-noiseratio.
Whereagheincreasds moderateat a high SNR (30 dB), systemperformancaleclinesrapidly
at 10 or 0 dB SNR.In the latter two caseghe large numberof deletionsvs. the small number
of insertionsis explainedby the fact thatmary of the actualreferencewordsarereplacedoy
noisemodelsin the recognitionoutput,which arenot takeninto consideratiorby the dynamic
programmingscoringmodule.

We canseethatthe AF systemperformsworsethanthe MFCC systemin almostall testcondi-
tions.Underhighly noisyconditions(0 and10 dB SNR)the AF systemshavs asmallerrelatve
increasein word error rate comparedo the cleantestconditionthanthe MFCC system both
on pink noiseand babblenoise.It shouldbe obsered, however, that both systemsexhibit a
very poor performancean thesecasesn general;the extremely high word error ratesof over
90% indicatethat hardly anything hasbeenrecognizedcorrectly Thus,it is questionablef the
differencen relative degradations meaningfulatall in this context.

Finally, let us take a look at how a combinedsystemperformsundertheseconditions.Since
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System WER INS DEL SUB A

MFCC babble30dB | 30.08%| 1.71%| 8.74% | 19.64%| +4%
AF babble30dB 32.57%| 1.80%| 10.42%| 20.35%| +7%
MFCC babble20dB | 40.37%| 2.53% | 13.85%| 23.99%| +39%
AF babble20dB 41.77%)| 1.61%| 14.72%| 25.44% | +37%
MFCC babble1l0dB | 65.57%| 1.01% | 30.78%| 33.78%| +125%
AF babble10dB 74.68%| 0.54%| 38.95%| 35.19%| +145%
MFCCbabbleOdB | 93.95%| 0.06% | 73.38%| 20.51%| +223%
AF babble0 dB 96.03%| 0.00% | 81.62%| 14.41%| +215%

Table4.14:Word errorratesobtainedon the Verbmobiltestset,cleanspeectwith addedbabble
noise.Deltavaluesindicatethe relative increasen word errorratecomparedo the
resultson the cleantestset.

System WER INS DEL SuUB

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%
pink0dB | 98.45% | 0.00% | 92.41%| 6.04%

Table4.15:Word error ratesobtainedon the Verbmobiltestset,cleanspeechwith addedpink
noise,state-l@el combinedsystem.

state-l@el combinationyieldedthe bestresultson the cleantestsetthis methodwasalsoused
for combinatiorexperimentoonthenoisytestsets As before,normalizedik elihoodswerecom-
binedby meansf aweightedproductrule, usingaweightof 0.8 for the MFCC systemand0.2
for the AF system.Tables4.15and4.16 presenthe word error ratesobtainedby the combined
acoustic/articulatorgystem.Thoseword error rateswhich constitutesignificantimprovements
comparedo the betterof thetwo baselinesystemsareshavn in boldface We canseethat, with
the exceptionof the 0 dB SNR pink noisetestcondition,the combinedsystemalwaysachie/es
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%
babbleOdB | 93.09% | 0.06% | 74.32%| 18.71%

Table4.16:Word errorratesobtainedon the Verbmobiltestset,cleanspeectwith addedbabble
noise,state-leel combinedsystem.

4.7 Summary and Discussion

In this chaptemwe have presente@narticulatoryfeaturebasedecognizerfor alarge-vocalulary
cornversationarecognitiontask, viz. the GermanVerbmobilcorpus.Contraryto the study pre-
sentedin the previous chaptey which was carried out in the hybrid HMM/ANN modeling
paradigmtheexperimentsn this chaptemwerebasednatied-mixtureHMM acoustianodeling
approachWe have seenthatthe AF systemis capableof achievzing a recognitionperformance
closeto that of the MFCC baselinesystem(30.47%vs. 29.03%);however, the differenceof
1.44%was statisticallysignificant. The error analysesappliedto the two systemsshaved that
themajorcauseof thisdifferenceseemedo bethelargernumberof confusiondetweerdifferent
acoustiamodelsin the AF system Furtheranalysesndicatedthatthe causeof theseconfusions
may be the poorerseparabilityof phoneticclassesn articulatoryfeaturespacecomparedo the
acoustideaturespacewhich naturallyinfluenceghe capabilityof the systemof discriminating
betweerdifferentmodelsat higherlevels,i.e. phoneandword recognition.

Whatarethereasongor thefuzzierphoneclassdistributionsin articulatoryspace ®nepotential
causanay bethe high degreeof quantizationnherentin the articulatoryfeaturerepresentation.
Thearticulatoryfeaturenetworks mapthe preprocessedcousticsignal(which, in this case has
39 dimensions}o a setof 26 broadarticulatoryclassesThis quantizationis in somecaseser
tainly inadequatevowels, for instance areclassifiedaseitherhigh, mid, or low, front or bad,
androundedor unrounded Consideringhe wide rangeof possiblevowel spectrathis classifi-
cationmaybetoo coarseto presere all theinformationencodedn the acoustiaepresentation.
Obviously, thislossof informationdid notcrucially affectrecognitionperformancenthesmall-
vocahulary taskdescribedn Chapter3. However, in the caseof large-vocalulary recognitionis
seemdo beimportantto usea morefine-grainedrepresentatiowhich enableshe higherlevel
recognitionmodulego maintaindistinctionsbetweeralarge numberof lexical items.In view of
the stronglysimplified articulatoryspeechsignalrepresentationt evenis somavhatsurprising
thatthe AF systemstill achievesa reasonableecognitionrate— however, this may be dueto
the high accurag of the featuredetectionnetworks which yields a fairly robust, althoughnot
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necessarilgliscriminatve, representation.

In spiteof thefactthatthe articulatoryrepresentatiodoesnot seemto be sufficientin itself for

large-vocahulary speechrecognition(at leastwithin the predominantGaussiammixture/HMM

modelingparadigm)we have seerthatit doesprovide informationwhichis notcontainedn the
standardMIFCC representatior-romthe phoneconfusioncharacteristicandthediscriminatve
featureselectionexperimentwe cantentatvely concludethatthis type of informationis related
to placeof articulationfeaturesaswell asfeaturesdescribinglip rounding.It is interestingto

notethatmostof thesefeaturesge.g.velar andglottal, areheavily contet-dependent it may
thusbethe casethatthe useof temporalcontext atthefirst classificatiorievel in the AF system
leadsto morereliablescoredor thesefeaturesandtherebyto a moreaccuratadentificationof

thephoneswvhichthey characterize.

The combinationof the AF and MFCC basedecognitionsystemsat the HMM statelevel and
at the word level yielded significantimprovementsover the MFCC baselinesystemin both
casesTheabsoluteamprovementsverel.62%(state-l&@el combination)and1.06%(word-level
combination) respectrely. By contrastthe feature-l@el combinationmethodswhich werein-
vestigatedPCA anddiscriminatve featureselectionboth led to significantincreasesn word
errorrate.In additionto the possibleexplanationamentionedabove (interactionsbetweenPCA
and embeddedraining, featureselectionwithout taking accountof the statisticaldependen-
ciesbetweerfeaturesetc.),someproblemsmight be posedby thejoint distributionalmodeling
requiredwhensystemsare combinedat the featurelevel. MFCC featureshave nearGaussian
distributionswhich canbe modeledwell with a moderately-sizedGaussiarcodebooklIn the
joint featurespacey contrastthe classdistributionsmaylook morecomplicatecandrequirea
largernumberof mixture componentshanwasusedin the experimentslescribedabore.



Chapter 5

Conclusions

In this chapterwe will give a summaryof the work presentedn the courseof this thesisand
evaluatethe resultsin the light of our initial hypothesesboutthe useof articulatoryfeatures
in speectrecognition.We concludewith suggestionsboutpossiblefuture work in this areaof

speechresearch.

5.1 Summary and Discussion

We beganthis thesisby describingthe variousshortcomingsf currentstate-of-the-arspeech
recognitionsystemsyiz. lack of noiserobustnessinaccuratédottom-upacoustianodeling,sen-
sitivity to corversationalspeechphenomenaandrigid languagemodel constraints We then

expoundedhe articulatoryfeaturebasedapproacho acousticnodelingandexplainedits pos-
sible contributionsto solving the first two of theseproblems.In particular we mentionedits

potentialfor moreaccuratebottom-upstatisticalclassificationthe possibilitiesif offersfor se-
lective processingf differentaspectof speectsoundsaswell asfor improvedcoarticulatory
modeling,and,finally, the greaterobustnes®f articulatoryfeaturegowardsspealer variability

andnoise.

Previous approacheso employing articulatoryrepresentations speeclrecognitionweredis-
cussecindevaluatedlt wasfoundthat,to alarge extent,mary of theseapproachesgvereaban-
donedprematurely- specifically they failed to addresghe potentialof articulatoryrepresenta-
tionsin adwerseacousticenvironmentsandtheir applicationto large vocalulary speechrecog-
nition. In additionto this, they did not provide detailedanalyse®f the characteristidifferences
betweenarticulatoryand standardacousticspeechrepresentationgnd,asa consequenceid
notoffer principledstrategiesfor combiningthem.Thesequestionsveresubsequentlgddressed
in two applicationstudies.

In thefirst study carriedout within the hybrid HMM/ANN paradigmwe describedhe appli-
cationof the articulatoryapproachto a small-vocalulary continuousnumbersrecognitiontask
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(OGI Numbers95pn band-limited(telephonekpeechin additionto the unmodifiedcleantest
set, reverberantspeechand speechcorruptedby pink noisewere usedastest conditions.We
obsenredthatthe acousticand articulatorysystemsdid not exhibit any significantquantitatve
differencesn cleanconditionsjn reverberantndnoisyspeechhowever, thearticulatorysystem
supersedetheacoustidbaselinesystemTherelatve improvementover the baselinesystemn

highly noisyconditions(10dB and0 dB SNR),8.3%and13.1%,respectrely, werestatistically
significant.

Furthermorejt was shovn that the acousticand articulatory systemsextract differentinfor-
mation from the speechsignal. Although thesedifferenceswere not amenableto an overall
interpretationin phoneticor articulatoryterms,they demonstratedhe potentialfor recognizer
combinationVariousframe-level combinatiorstrategieswereinvestigatedit wasfoundthatthe
bestresultsin termsof the tradeof betweenrtraining/testingrequirementandrecognitionrate
wereobtainedby simplelinear combinationsof the posteriorphoneprobabilitiesat the frame-
level. Of the four combinationschemesvhich weretested(product,averaging,max min), the
productandthemin schemesurnedoutto bethemostsuccessfulAn analysisshovedthatthese
rulesenhancehe discriminability of the phoneclassifiermostby producingsharp Jow-entrogy
phoneprobability distributionsin the caseof correctdecisionsandflatter, high-entrogy distribu-
tionsin the caseof incorrectclassificationsThis in turnled to a betterdifferentiationof correct
andincorrecthypotheseattheword level. Significantimprovementf theword errorratewere
obtainedacrossall acousticconditionsby productrule combination.

Thesecondpplicationstudywasconcerneavith large-vocalulary corversationakpeechecog-
nition (the GermanVerbmobil corpus).This study differed from the previous applicationin
termsof the languaggGermanvs. AmericanEnglish),the vocalulary size ( 5300vs. 32), the
speeclsignalquality (full-bandwidthvs. telephonespeech)the speechmode(spontaneousdi-
aloguesvs. continuousnumbers) andthe recognitionsystem(tied-mixtureHMMs vs. hybrid
HMM/ANN modeling).The word error ratesof the acousticandarticulatorybaselinesystems
were fairly close;however, the acousticsystemexceededthe articulatory systemby 1.44%,
which wasstatisticallysignificant.A subsequengrror analysisrevealedthat mostof the errors
in thearticulatorysystemwerecausedy confusiondbetweerdifferentacoustionodels.Again,
it was shown that the information provided by the articulatory systemwas partially different
from thatin theacousticsystem.

State-l@el combinationtechniquessimilar to thoseusedin the pilot study yielded a signifi-
cantimprovementover the acousticbaselineof 1.62%.Additionally, word-level and feature-
level combinationschemesvereinvestigatedThe word-level combinationschemewasbased
on combiningthe bestword sequencegmittedby the acousticand articulatory systemsinto
aword graphand searchinghe bestpathamongthesehypothesesThis techniquealsoled to
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Corpus | Acoustic Test 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,30dB | 30.08% 32.57% 28.41%
babblenoise,20dB | 40.37% 41.77% 34.96%
babblenoise,10dB | 65.57% 74.68% 64.05%
Verbmobil | babblenoise,0dB | 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 quantitatve results.

a significant,albeit somavhat smaller improvementover the acousticbaselineof 1.06%.The

main problemwith this methodturnedout to be the normalizationof the acousticlikelihoods
which formed part of the word hypothesisscoresin the combinedword graph.Feature-leel

combinationinvolved (a) Principal ComponentAnalysis,asa standardeature-spacesduction
andoptimizationtechniqueand(b) a discriminative featureselectionalgorithm.Both methods
ledto anincreasean word errorrate.

Finally, theperformancef thesesystemsvastestedon variantsof thecleantestsetcorruptedoy
addedpink or babblenoise.lt wasfoundthatthe performancenf the acousticsystemexceeded
thatof theacoustidaselinesystemin mostcasesA systemcombiningmodelscoresatthestate
level, however, obtainedsignificantimprovementoverthe betterof thetwo baselinesystemsn
almostall conditions.Table5.1 summarizeshe mostimportantquantitatve resultsobtainedin
thisthesis.

Let usreview our initial hypothese thelight of the experimentalkevidencewe have gathered.

Thefirst of thesehypothesesvasthata cascadedlassificatiorschemawith a setof articulatory
featureclassifiersat the first level and a combiningmodule at the secondlevel shouldlead
to a betterclassificationaccurag of the entire the bottom-upacousticmodelingcomponent.
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This predictionwas shown to be largely correctin the first applicationstudy All articulatory
recognizersaachieved a higheraccurag thanthe single-stegphoneclassifier Although this did
not leadto a higherphoneclassificationaccurag of the overall articulatoryclassifierin clean
conditions,it did producea significantlyhigherclassificatioraccurag in reverberanindnoisy
conditions.

No conclusve evidencein supportof the effectivenessof the decompositionamodelingap-
proachcould be gainedfrom the large-vocalulary experimentsThis may have severalreasons:
asmentionedn thebegginning,thesucces®f thisapproactdepend®navarietyof factorssuch
astheaccurag of theindividualfirst-level classifiersthe correlationamongtheir errors,andthe
sensitvity of the higherlevel combinationrmoduleto estimatiorerrorsin thelowerlevel classi-
fiers.An importantdifferenceto theexperimentscarriedoutin the hybrid modelingparadigmis
thetypeof higherlevel classifiersi.e.a Gaussiamixtureclassifierasopposedo anMLP. In the
caseof anMLP, theweightsfor eachinputfeature(i.e.for eacharticulatoryfeaturescore)canbe
adjustedirectly with respecto theclassdiscriminantfunctions.In the Gaussiamixtureclassi-
fier, by contrasttheindividual featuresarenot weightedaccordingo this criterion. Insteadthe
classifierattemptgo mostcloselyapproximatehedistribution of thearticulatoryfeaturesscores
by a mixture of normaldistributionswhereall first-level classifieroutputscontribute equallyto
computingthelik elihoodsof individual mixture components.

The secondchypothesisvasthatthe articulatoryapproactshouldprovide for greaterobustness
in noise.Thisassumptions notentirelyseparablérom thefirst hypothesisasgreaterobustness
may alsobe inducedby decompositionatlassification Furthercontributing factors,however,
might be the useof temporalcontext at the lowestclassificationlevel, the greaterinsensitvity
of articulatoryfeaturesto noiseper se aswell asthe focuson relatve asopposedo absolute
frequeng patterns Again, we saw this hypothesisconfirmedin the numbersrecognitionpilot
studybut notin thelarge-vocalulary study However, it wasthe casein bothstudieshata com-
binationof the acousticandarticulatoryrepresentationked to improvementsover the acoustic
baselinen noisy conditions,shaving that someof the articulatoryinformationis beneficialin
noise.

Themajorgoalthenwasto identify thekind of informationprovided by the AF systemin addi-
tion to standardspeecteaturesThis is importantin sofar asknowledgeaboutthisinformation
may resultin amoreaccurateandspecializedesignof featuredetectoror in animprovement
of, or extensiondo, currentpreprocessingechniqueswith the goal of incorporatingthis infor-
mation. To this endwe applieda discriminatve featureselectionalgorithmwith the objectve
of selectingthatsubsef the combinedacousticandarticulatoryfeaturesetwhich would pro-
vide the bestdiscriminationamongphonemodels.Although most articulatory featureswere
discardedby this processseven featureswere retained,most of which describeconsonantal
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placeof articulationcatejories.It was noticeablethat most of thesefeatureswere correlated
with thosephoneswhich werealsoclassifiedmoreaccuratelyin the baselineAF system.These
conclusionsare, naturally tentatve and needto be corroboratedoy further experimentalevi-
dence However, it seemsvery likely thatthe informationwhich is provided by the AF system
involvesinformation abouthighly context-dependentispectof speechsoundswhich cannot
be distinguishedvery well on the basisof individual acousticfeaturevectors.Two important
factorsmay be the inclusionof temporalcontet at the level of articulatoryfeatureprobability
estimation(which may be more effective thansimply including deltacoeficients),or thefocus
of articulatoryfeatureclassifierson relatve asopposedo absolutdrequeng information.

Sofar, mostof the work on articulatoryrepresentations ASR hasbeendirectedat extracting
articulatoryfeaturesor parameterérom the raw or preprocesseedcousticsignal. The behaior
of theseparameteren a complex speeclrecognitionsystem py contrasthasbeenstudiedless
intensvely, if atall. This thesisis, to our knowledge,the first comprehensie studywhich has
testedand analyzedarticulatoryfeaturebasedrecognitionsystemsacrossdifferentlanguages,
differentrecognitiontasks differentmodelingparadigmsanddifferentacousticconditions.The
mainconclusiongo bedravn from theseanalysess that

it is possiblefor articulatoryfeaturebasedsystemdo achieve a performanceomparable
to thatof state-of-theart acousticsystems,

¢ in certaindeterioratedacousticconditions(telephonespeechnoise)andon smallvocab-
ulary they mayshow adistinctly superiorperformance,

e articulatoryfeaturesprovide informationwhich is partially complementaryto the infor-
mationprovided by commonlyusedacoustiaepresentations,

e in mostcasesthe combinationof acousticandarticulatoryfeaturerepresentationkeads
to abettersystemperformance.

Thesefactsshouldbe sufficient to put articulatoryrepresentation%ack on the map” for auto-
maticspeectrecognition.

5.2 Future Work

Thereremaina numberof issueswhich could not be entirely resolhved within the scopeof this
thesisandwhich desenre additionalresearchWe will discusseachof thesen turn, startingwith
the “low-level” aspectof the AF systemandproceedingo the top level. At the lowestlevel,
i.e. atthelevel of mappingtheacousticsignalto articulatoryfeaturescoresseveralthingsmight
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beimproved.As we alreadynotedbefore specializedacoustideatureextractorsmaybeusedas
front-endsfor differentarticulatoryclassifiers.The classifierfor voicing featuresfor instance,
might benefitmost from a front-endwhich computese.g. the zero-crossingate, normalized
log enegy or theratio of the enegy in low vs. high frequeny bands.Variousspeechanalysis
studieshave examinedcombinationsof specializedeatureextractorswith statisticalclassifiers
for certainarticulatoryfeaturessuchasvoicing [8, 52], nasality[101], or vowel height[9]. The
featuredetectiorerrorratesreportedn thesestudieggenerallyarebelow 5%. It shouldbenoted,
however, thatvery smalldatabasewereusedfor theseexperimentsg.g.30 spealer-dependent
sentencedrom the ResourceManagementatabasen [52]. Similarly low error ratesmight
thereforenot be obtainedif theseor comparablenethodswere appliedto the corporausedin
thisthesis Neverthelessit is reasonabléo assumehatspecializedeatureextractionfront-ends
will improve featurerecognition At the sametime, speeclenhancemendr noisecompensation
algorithmscouldbe appliedselectvely to differentfeatureclassifiersat this level.

Furtheroptimizationscanalsobe madeto the classifierschoserno extractarticulatoryfeatures.
Although MLPs have shovn a goodperformanceacrossall recognitionconditionsinvestigated
in this study there may be somefeatures,especiallyin the place featuregroup, which are
not amenabldo classificationby an MLP. More powerful classifierssuchas Support-\éctor
Machineq117], recentlyappliedto thedetectiornof phoneticfeaturedy [92], mightyield better
resultssincethey canbetrainedin suchaway asto find globalinsteadof local minimawith re-
spectto theerrorcriterion.

Evenwith respectto our MLP classifiersnot all possibilitiesof optimizationwere exhausted.
In particular no restrictionwas madeon the continuity of the outputof a given MLP across
time. An explicit continuity constraintcould be integratedin the form of a differentobjectve

function usedduring training. As mentionedn Chapter3, the objective functionwe useis the

mean-squaredrrorbetweerthe network outputxz andthetargety:

MSE(z,y) = E(z — y)°] (5.1)

Another criterion could be usedinsteadwhich seekso jointly minimize the mean-squaredr-
ror betweenthe network outputandthe tamgetandthe mean-squaredrror betweerthe current
outputandthe previous (or n. previous) output(s).Both thesecomponentgould additionallybe
weighted |eadingto thefollowing objectve function

F(l’t, Yt; Tp—15 - »’Ut—n) = E[a(xt - yt)2 + ﬂzn:(x - xt—i)Q] (5.2)
i=1

wheren is thetemporawindow onthenetwork outputz, z; andy; areoutputandtargetattimet,
anda and aretheweightsfor thedifferenttermsof the function. An objective functionof this
form might preventstrongframe-to-frameoscillationsof the MLP outputs. A similarsmoothing



5.2 Future Work 117
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Figure5.1: SimpleBayesiametwork structurefor acoustic/articulatorgependencies.

functionis also usedin articulatorycodebookiookup in the contet of transformation-based
acoustic-articulatorynapping[100, 104].

Throughoutthis thesiswe have beenusing a parallel arrangemenbf neuralnetwork feature
classifierswithoutary explicit dependengrelationsbetweerthe differentnetworksor between
individualfeaturesThereasorfor thiswasthatthe higherlevel classifiershouldbeableto learn
ary restrictionson featureco-occurrencesiutomaticallyduring training. However, statistical
dependeng relationsbetweenindividual featuresor entire featuregroupsmight be exploited
whenestimatinghe articulatoryfeatureprobabilitiesthemseles.For instancethe probabilities
of the featuresin the roundinggroup might be dependenbn thosein the voicing group, or
the mannerfeaturesmight be dependenbn placefeaturesThis cancorvenientlybe expressed
using a graphicaldependeng model, where nodesrepresentandomvariablesand (directed)
arcsrepresentonditionaldependenceelationsbetweernthesevariableg98, 65]. An arcgoing
from nodeA to nodeB meanghatB is conditionallydependenbn A. Consideffirst Figure5.1.
Theroot nodein the graphis associatedvith a randomvariable X, representinghe acoustic
featurevector TheothervariablesV ,M,P,F, and R representandomvariablesfor theoutputs
of the voicing manner place front-bak androundingnetwork, respectrely. In Figure5.1, all
network outputsdependon theacousticvariable X but noton eachother;they areconditionally
independentf eachothergiven X. In Figure 5.2, however, additionaldependenciebetween
thearticulatoryvariableshave beenintroduced sothattheplacevariableP, for instancejs now
dependenbn both M and X. Theseadditionaldependenciesanbe specifiedheuristically or
they canbelearntin a data-drvenway, usingstandardnodelselectiontechniquegseee.g.[59,
58] for BayesiarNetwork structurdearning).If multiple dependencieseretakeninto account,
articulatoryfeatureprobability estimationmight becomemorerobust.

As we saw in Chapter3 the feature-phonenappingbenefitsfrom largetemporalcontexts. This
suggestshatunitslargerthanphonesshouldbe usedfor theintegrationof AF probabilities.An
obvious candidatenould be the syllable.However, therearea numberof problemsassociated
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Figure5.2: Bayesiametwork structurewith addeddependencielsetweerarticulatoryvariables.

with usingsyllable-sizedunitsin statisticalspeeclrecognition.The mostsevere of theseprob-
lemsis thatlargersubword unitsgo handin handwith areducecamountof trainingmaterialfor
eachunit, leadingto undertrainingpf the majority of models.This problemcanbecircumvented
by usinga combinedsystenwhich usessyllable-sizednodelsfor only the mostfrequentsylla-
blesandphonemodelselsavhere[50]; however, this alreadyconstitutesa severecompromise
with respecto thetemporalmodelingpower. A furtherpossibility might bethe useof diphones
asaunitintermediatdbetweerphonesandsyllablesor shifting to anentirelydifferentmodeling
paradigmsuchassegmentaimodels[95]. A segmentaimodeltriesto approximatehejoint dis-
tribution of a variablelength-sequencef featurevectorsx; ..., x,, giventhelengthn andsome
models:

p(xla""xn|n’ S) (53)

This canberepresenteds
bs,n (x1)p(n|s) (5.4)

i.e. it canbe factorizedinto the obsenation probability b, ,,(x}) for the sequencef feature
vectorsx; ..., x, andthedurationdistributionp(n|s). Segmentalmodelsarenotrestrictedo arny
particulartype of unit; thus, s could be a syllablemodelandx;..., x,, could be a sequencef
articulatoryfeaturevectors.

As far as the combinationof acousticand AF representationsyr of modelsbasedon these
representationss concernedit hasbecomeclearthat discriminatve combinationalgorithms
offer thegreatespotentialfor successfutombinationIn the context of state-leel or word-level
combination,combinationweightscould be usedwhich aretraineddiscriminatvely, in order
to minimize the classificationerror or to maximizethe distancebetweenmodels’(state,word,
sentencenodels)posteriorprobabilities.Discriminative training algorithmshave recentlybeen
studiedin somedetail[10, 22, 109]. It hasbeenshowvn that,in the majority of casesthey lead
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to animprovementover corventionalMaximume-Likelihoodtraining. Thus,it is to be expected
thatthesemethodsvould alsoyield goodresultswhenappliedto trainingcombinationweights.

It hasbecomeclearin the courseof this thesisthat one major advantageof the AF approach
might be the decompositionatlassificatioraspectwhich leadsto greaterstatisticalrobustness
in certainsituations suchasacousticallydeterioratedpeechHowever, the particularapproach
we have suggesteds suboptimalin thatit makesheuristicassumptionsboutthe type of sub-
phonemiccomponentshatareextractedfrom theacousticsignalat thefirst classificatiorstage:
we areassumingheexistenceof certainarticulatorycomponent®asedn our knowledgeabout
humanspeectproduction.However, asevidencedby the comparatiely low detectionratesfor
certainarticulatory featuresas opposedto others(e.g. the bestdetectionrate for dental was
57.03%, comparedo 79.78%for velar on the Numbers95orpus)theseassumptionsnay not
always correspondclosely to reality. The samecriticism canin principle be leveled against
the otherdecompositionahpproacho acousticmodelingwe mentionedn this thesis,viz. the
subbandapproachyhich incorporatedieuristicassumptionsboutthe numberandbandwidths
of frequeny subbandsThe optimal solutionwould be a form of data-drivendecompositional
acousticmodeling— the numberandthe type of subphonemicomponentshouldbe extracted
from thedataratherthanspecifiedn advance.This couldbedone for instancepy usinga mul-
tiple clusteringprocedureo arrive at subphonemiéfeatures”or classesTheideais to subject
theacousticdatato several parallelunsupervisealusteringproceduresvhich aredistinguished
by differentclusteringcriteria or differentinitial transformation®f the data,suchasdifferent
featureextractionsalgorithms,or filters with differenttemporalresolutions.The resultingclus-
terswouldthenbeassigneabstractdentifiers(e.g.numbershndthedatawould berelabeledn
termsof theseidentifiers.A setof classifierscouldthenbetrainedon these'features”andtheir
outputscouldbe combinedn analogyto the AF or subbandapproachTherecognitionof these
“features”shouldbe fairly accuratebecausehey areknown to form clustersin theinput space.
If thenumberof final classesn eachcodeboolderivedby clusteringis smallerthanthenumber
of subword units,advantagecanbetaken of the samedata-sharingropertiesvhich arecharac-
teristic of articulatoryfeatures.Thus,this methodwould combinethe advantage®f beingable
to exploit trainingdatain anoptimalway andbeingableto focuson classesvhich areknown to
have correspondinglustersin theinput space Potentially this type of clusteringcouldalsobe
appliedacrosdifferentacousticconditionsto yield a “feature” setwhich is maximallyrobustin
the presencef highly variableinput data.This or otherwaysof detectingthe salientproperties
of speechn aself-oganized data-drvenway may eventuallybecomethe methodof choicefor
devising robustclassificatiorschemes.
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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 the Numbers9&orpus
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A Appendix

Phone H 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 Hute
Y +voice,vowel, high, front, +round,+central Hutte
e: +voice,vowel, mid, front, -round,-central Bed
E +voice,vowel, low, front, -round,+central Bett
E: +voice,vowel, low, front, -round,-central Rate
a: +voice,vowel, low, back,-round,-central Rat
a +voice,vowel, low, back,-round,+central Ratte
6 +voice,vowel, low, -round,+central Reter
@ +voice,vowel, mid, -round,+central Rate
u: +voice,vowel, high, back,+round,-central Mut
U +voice,vowel, high, back,+round,+central Mutter
(o} +voice,vowel, mid, back,+round,-central Boat
@] +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 Kuf
g +voice,stop,velar Gul
Q -voice, stop,glottal

f -voice, fricative, labial vier
\% +voice,fricative, labial wir

S -voice,fricative, coronal Rose
Z +voice,fricative, coronal Rol}
S -voice, fricative, palatal Schule
Z +voice,fricative, palatal Ingenieur
C -voice, fricative, high ich

i +voice,fricative, high ja

X -voice, fricative, velar ach
h -voice,fricative, glottal hallo
m +voice,nasal Jabial mein
n +voice,nasal,coronal neun
N +voice,nasal velar Gesag
r +voice,fricative, velar rot

[ +voice,lateral,coronal Halle

TableA.2: Phone-featureorversiontablefor GermanPhonetranscriptionsarein SAMPA no-

tation.
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Phone Features Phone Features
b +voice, stop,labial, nil, nil m +voice,nasal |abial, nil, nil
*d +voice, stop,coronal,nil, nil em +voice,nasal labial, nil, nil
g +voice, stop,velar, nil, nil * N +voice, nasal,coronal,nil, nil
p -voice, stop,labial, nil, nil nx +voice,approximantgcoronal,nil, nil
* t -voice, stop,coronal,nil, nil ng +voice,nasalyelar nil, nil
* Kk -voice, stop,velar, nil, nil en +voice,nasal,coronal,nil, nil
dx +voice, stop,coronal,nil, nil * | +voice,lateral,coronal,nil, nil
bcl +voice, stop,labial, nil, nil el +voice, lateral,coronal,nil, nil
x dcl +voice, stop,coronal,nil, nil * T +voice,approximantretrofle, nil, nil
gcl +voice, stop,velar, nil, nil * W +voice,approximantjabial, nil, nil
pcl -voice, stop,labial, nil, nil y +voice,approximanthigh, nil, nil
* tcl -voice, stop,coronal,nil, nil * hh -voice,fricative, glottal, nil, nil
* Kkcl -voice, stop,velar, nil, nil * hv +voice, fricative, glottal, nil, nil
jh +voice,fricative, high, nil, nil * iy +voice,vowel, high, front, -round
ch -voice, fricative, high, nil, nil *x ih +voice,vowel, high, front, -round
*xS -voice, fricative, coronal,nil, nil x eh +voice,vowel, mid, front, -round
sh -voice, fricative, high, nil, nil * ey +voice,vowel, mid, front, -round
*xZ +voice, fricative, coronal,nil, nil ae +voice, vowel, low, front, -round
zh +voice,fricative, high, nil, nil aa +voice, vowel, low, back,-round
* f -voice, fricative, labial, nil, nil aw +voice,vowel, low, back,+round
x th -voice, fricative, dent,nil, nil * ay +voice,vowel, low, front, -round
*V +voice,fricative, labial, nil, nil * ah +voice,vowel, mid, back,-round
dh +voice, fricative, dent,nil, nil * a0 +voice,vowel, low, back,+round
oy +voice,vowel, low, back,-round * OW +voice,vowel, mid, back,+round
uh +voice,vowel, high, back,-round * UW +voice,vowel, high, back,+round
% er | +voice,vowel, retroflex, nil, -round axr +voice,vowel, mid, nil, -round
* ax +voice,vowel, mid, back,-round iX +voice,vowel, high, front, -round
* hit sil, sil, sil, sil, sil q -voice,vowel, glottal, nil, nil

TableA.3: Phone-featureorversiontablefor Numbers95Phonetranscriptionsarein the ICSI

phoneticalphabet.
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A Appendix

ICSI PhoneSet

Symbol | Description| Symbol | Description
p pea em bottam
t tea en button
k key nx winner

pcl p closure I like
tcl t closue el bottle
kcl k closure r right
b bee er bird
d day axr butter
g gay y yes
bcl b closure w wire
dcl d closure iy bed
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
sound uh book
z Z00 uw boot
sh shout iX delit
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 H 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 \Y; +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 i +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,nasalyvelar nil, nil r +voice, fricative, velar, nil, nil
I +voice, lateral,coronal,nil, nil

TableA.5: Phone-featureornversiontablefor GermanPhonetranscriptionsarein SAMPA no-

tation.
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