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ABSTRACT

We report on investigations, conductedat the 2006 Johns
HopkinsWorkshopinto theuseof articulatoryfeaturegAFs)

for obsenation andpronunciatiormodelsin speectrecogni-
tion. In the areaof obsenation modeling, we usethe out-
putsof AF classi ersbothdirectly, in anextensionof hybrid

HMM/neuralnetwork models,andaspartof the obsenration
vector anextensionof the“tandem”approachin the areaof

pronunciationrmodeling,we investicgatea modelhaving mul-

tiple stream®f AF stateswith softsynchrory constraintsfor

bothaudio-onlyandaudio-visuakecognition.Themodelsare
implementedas dynamic Bayesiannetworks, and testedon

tasksfrom the Small-\bcahulary Switchboard SVitchboard)
corpusandthe CUAVE audio-visualdigits corpus. Finally,

we analyzeAF classi cation and forced alignmentusing a
newly collectedsetof feature-l&el manualtranscriptions.

Index Terms— Speechrecognition speectprocessing

1. INTRODUCTION

Articulatoryfeatureshave alonghistoryin proposalgor auto-
maticspeechrecognition(ASR) techniquege.g.,[1, 2, 3, 4]).
Somemotivationsare that (1) suchmodelsshouldhelp ac-
countfor coarticulatioreffects,(2) certainaspect®f articula-
tion canbemorerobustly detectedhanothers,and(3) several
classi ers, eachwith a small numberof classesmay make
betteruseof sparserainingdatathanasinglephoneclassi er.
Approachesisingarticulatoryfeatureg AFs) have hadsome
successfor examplein noisy conditions[5], for hyperartic-
ulatedspeech6], or in multilingual settings[7]. Improve-
mentshave alsobeenobtainedin lexical accesexperiments
usingmodelsof articulatoryasynchrog andreduction[8].
Our ultimategoalis to build completecontinuousspeech
recognizersisingAFsatall levels,includingmultiple feature-
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speci c statestreamsandobsenrationsor obserationmodels
tailoredto thosestreamsWe assumaen thiswork thatthetask
is rst-pass Viterbi decodingto nd the jointly mostlikely
stringof wordsw* andsetof stateassignmentg*:

{w”,¢"} = argmax p(olg)p(glw)p(w),

where o are the obsenations. In hidden Markov model
(HMM)-basedrecognition,q is the phoneticstatesequence.
In our case,q canbe ary collectionof hiddenvariablescor
respondingo the sub-word representatiore.g.,it maybethe
assignmentgor a setof hiddenstatestreams. We refer to
p(o|g) astheobservatiormodelandto p(q|w) asthe pronun-
ciation model This is a non-standardle nition of the pro-
nunciationmodeland refersto the entire probabilisticmap-
ping from wordsto sub-word structure. The remainingterm
p(w) is thelanguagemodel,which we assumeo be x ed.

We describeseveral approache$or obsenation andpro-
nunciationmodeling. For obsenation modeling,we usethe
outputsof multilayer perceptron(MLP) AF classi ersin two
ways: to estimatep(o|q) (a “hybrid” approach?9]); andas
part of the obsenation vector after post-processinga “tan-
dem”approact10]). We investigate“embeddedraining” of
theMLPs,in whichtrainingdatais alignedusinganAF-based
recognizerandthe MLPs areretrained[11]. For pronuncia-
tion modeling,we testamodelconsistingof multipleloosely-
synchronizedhidden AF streams,for both audio-only and
audio-visuakecognition.The motivationfor theaudio-visual
caseis that articulatorydynamicscan explain the obsened
asynchrog betweertheaudioandvideosignals.In thiswork,
we do not combinethe newv obsenation and pronunciation
models; for obsenation modeling experiments,the hidden
statesareasinglephoneticstatestreamandfor pronunciation
modelingexperimentswe useGaussiamixture obsenration
models. All modelsareimplementedas dynamicBayesian
networks (DBNs) [12]. We have also collecteda small set
of manualtranscriptionsat the AF level, and we compare
AF classi er outputsand alignmentsagainstthese. Due to
spacelimitations, we will summarizeonly briey mary as-
pectsof this work. Additional detailswill appearseparately
(e.qg.[13, 14, 15)).



2. DATA AND BASELINES

For audio-onlyexperimentswe usea subsebf SVitchboard
1, a setof small-vocalulary tasksfrom Switchboardl [16].
We usethe 10-word and500-word vocalulary tasks,anduse
the“ABC” setsfor training,asubsebf “D” for development,
and“E” for nal testing. We usethe 10-word taskfor pre-
liminary testsand for experimentswith the more compute-
intensive models.We have found a high correlationbetween
10- and 500-word results. The obsenations are spealer-
normalizedperceptualinearprediction(PLP)coefcients.

Table 1 shaws several baselineperformanceaesults. All
systemsgxceptonesmarked “HTK”, aretrainedandtested
with the Graphical Modeling Toolkit (GMTK) [17]. The
GMTK triphone systemusesa new statetying tool, gmtk-
Tie,whichgeneralizesriphonedecisiontreeclusteringto dis-
tributionswith arbitraryconditionalparentsanduserde ned
questionsThe monophonenodelhasbeentrainedbothwith
and without word alignments(from MississippiState[18]).
All of the new baselines,except the 10-word monophone
without alignments,outperformpreviously publishedbase-
lines[16], andthe GMTK triphonemodelcomparegavorably
to asimilarly trainedHTK model.

| Model | 10-wdWER | 500-wdWER |
HTK whole-word + MFCCs [16] 20.8 70.8
Monophone, no alignments 24.5 67.7
Monophone, with alignments 19.6 65.0
HTK triphone 61.2
GMTK/gmtkTie triphone 59.2

Table 1. Baseline word error rates (%) on the 10- and 500-word vocabu-
lary test sets. HTK is the HMM Toolkit and the whole-word baseline uses mel-
[frequency cepstral coefficients (MFCCs). All systems besides whole-word use
PLPs. Triphone systems were not tested on the 10-word task.

3. PRONUNCIATION MODELING VIA MULTIPLE
HIDDEN STREAMS OF ARTICULA TORY FEATURES

Our pronunciationmodelsare basedon the approaclof [8].
Each AF is representedis a separatehidden stream,with
soft synchroly constraintsbetweenstreams. This is based
on the motivation that the articulatorscan move in a semi-
independentvay, and that this accountsfor mary coartic-
ulatory pronunciationeffects. The soft (i.e. probabilistic)
synchroy constraintsbetweenAF streamsare modeledvia
“asynchrory variables”, whose distributions representthe
probability of one AF being aheador behindanotherby a
given numberof states.For example,an asynchrog of one
statebetweemasalityandthelips or tonguecanproduceef-
fectssuchasepenthetistopinsertionandvowel nasalization.
This type of pronunciatiormodelhasshavn promisein lexi-
cal acces®xperimentsjn which the articulatoryfeaturesare
given andthereare no acousticobsenations[8]. Herewe
usethemodelfor rst-passdecodingfor bothaudio-onlyand
audio-visuakpeechFor thecurrentwork, we assumehatthe
obsenation dependgointly on all of the AFs via a Gaussian

mixturedistribution. Fig. 1(a) shavs themaincomponentsf
themodel,assuminghreeAFs.
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Fig 1. Two frames of DBNs for recognizers using (a) a multistream AF-
based pronunciation model (b) an AF-based hybrid observation model. Qr
is the hidden state of feature F ; q is the phonetic state; async® is the cur-
rent degree of asynchrony between streams i and j ; and the checkSync®
variables enforce the synchrony constraints.

3.1. Experiments

We usefeaturesbasedon articulatoryphonology[19], con-
sistingof thelip, tongue glottis, andvelum states We group
all lip featuresinto one stream,tonguefeaturesinto another
streamandthe glottis andveluminto a third stream.We al-

low at mosttwo statesof asynchrog betweenstreamswith

completesynchronizatiorat word boundaries.

3.1.1. Audio-onlyexperimentn S\itchboad

We trained AF-basedmodelsanalogougo the monophone
baselinereferredto as“monofeat”’ models,by conditioning
the obsenationvectoronthecurrentAF statesonly. We con-
sider 1-stateand 3-stateversions,analogouslyto 1-stateand
3-statemonophones.in the 3-stateversion,eachsub-phone
statehasdifferentAF values.Word alignmentsvereusedin
training. A selectionof the error ratesis shavn in Table 2.
In “3-statemonofeat,sync”, all AF streamsare completely
synchronizedwhich we expectto be worse than baseline
sincetherearenot uniqueAF valuesfor all phonestatesThe
asynchronousodelslightly underperformshe synchronous
one, indicating that the asynchronoustatesdo not help in
this case. We have found that mary statescorrespondingo
asynchronouson gurationshave extremelylow occupancies
and thereforepoorly trained Gaussiansa possiblecauseof
the impairedperformance.Ongoingwork is focusedon im-
proved initialization approachesnd statetying to alleviate
low-occupang issues. Work is also ongoingto model the
effectsof AFs strayingfrom their targetvalues[8] andto ac-
countfor the effectsof linguistic contet, aswell asto relax
theword boundarysynchronizatiortonstraint.

| Model | 10-wdWER | 500-wdWER |
Monophone 19.6 65.0
1-state monofeat 28.5 74.8
3-state monofeat, sync 20.7 65.2
3-state monofeat, async 21.3 67.4

Table 2. Test set word error rates of the baseline and “monofeat” models.

3.1.2. Audio-visualexperimentn CUAVE
We apply a similar modelto audio-visualspeechrecognition
(AVSR).A commonapproachs a“phoneme-visemetnodel,



with onestreamfor the “audible” stateandonefor the “visi-
ble” state][20]. AFshave previously beenproposedor usein
AVSR[21], butto ourknowledgehave notbeenusedfor con-
tinuouswordrecognition.Thetaskhereis recognitionof read
digit stringsfrom a portionof the CUAVE corpus[22]. Noise
is addedo thetest(but nottraining)data. Theacoustimbser
vationsare MFCCs, andthe visual obsenationsarediscrete
cosinetransformcoefcients of aregionof interestaroundthe
mouth!. It hasbeenshavn that, on this task,addingthe vi-
sualsignalimprovesrecognitionandasynchronouphoneme-
visememodelsoutperformsynchronousnes[23].

We usethe sameAF-basedmodelasin Sec.3.1.1, but
with two obsenation vectors. We assumehatthe audioand
video areindependengiven the AFs, andthateachdepends
on all threeAF streams.Table 3 shavs developmentsetre-
sults. The phoneme-visemenodelsarealsonew, in thatwe
usea 2-streamversionof the structurein Fig. 1(a). The AF
model doesnot differ signi cantly in performancerom the
phoneme-visemenes,but it makes different mistales, and
a systemcombination(ROVER) includingan AF modelout-
performsoneusingonly phoneme-visemsystems.We plan
to applythesemodelsto morecomplex tasks wheretheasyn-
chrory maybemorepronounced.

| Model | WER |
Phoneme-viseme, 1 state async 22.6
Phoneme-viseme, 2 state async 21.8
AF-based 22.1
ROVER, best 3 phoneme-viseme 20.1
ROVER, best 3 including AF 19.4

Table 3. Word error rates on the CUAVE AVSR task, averaged across
development sets at several SNRs from clean to -4 dB.

4. CLASSIFIER-BASED OBSERVATION MODELING

We now considerthe use of AF classi ers in obsenation
modeling, in both a hybrid approach(Sec.4.1) and a tan-
dem approach(Sec.4.2). For this section,we assumethat
the hiddenstructureis a single streamof phoneticstatesas
in the baselinemodels. The AF sethereincludesplaceand
degreeof constriction,nasality rounding, glottal state,and
vowel quality (see[14] for more details),andthe classi ers
areMLPs. Two versionsof the MLPs weretrained: oneon
the FisherandSwitchboard? databaseminusSwitchboardl
(1776 hours);andoneon only the SVitchboardtraining set.
Therationalefor theformeris thatMLPs couldbe trainedon
a large databasethenportedto a data-poordomain. Initial
training labelswere producedrom forced phonealignments
cornvertedto AF labels?.

4.1. Experimentswith hybrid AF-basedmodels
In hybrid models, p(o|q) is replacedwith a scaledlikeli-
hood estimatedfrom the MLP outputs[9]. In contrastto
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2We are grateful to SRI for providing the phone alignments.

standarchybrid approachesye have multiple statevariables
g, f € {place,degree,...}. We usea non-deterministic
(learned)mappingfrom the phoneticstateq to the AF states
gr , andadistribution p(o|¢s ) for eachAF givenby theMLPs.
The DBN for this modelis shavn in Fig. 1(b). AF-basedhy-
brid modelshave beenusedpreviously [5], althoughwith a
deterministicmappingbetweerphonesandAFs.
Resultobtainedwvith amonophoneersionof thismodel,
using the Fishertrained MLPs, on the 10-word testsetare
showvn in Table4. The hybrid modelaloneis far behindthe
HMM baseline Whenthis modelis usedto align the SVitch-
boardtraining setandthe MLPs areretrainedon thesealign-
ments, performanceimproves drastically althoughstill re-
mainingbehindthe baseline.The hybrid approactmay hold
promisefor cross-domairor cross-lingualwvork; adomainin
which thereis little datamay bene t from classi erstrained
on a data-richdomain,and AFs may be more domain-and
language-independetitanphones.

| Model [ WER |
Monophone baseline 20.0
Hybrid 30.1
Hybrid + embedded training 243

Table 4. Word error rates of hybrid models on the 10-word test set.

4.2. Experimentswith AF-basedtandem obsewations
In thetandemapproachthe MLP outputsarepost-processed
and appendedo the acousticobsenation vector and the
combinedvector is modeledas usual with Gaussianmix-
tures. This approacthasbeenusedin state-of-the-artarge-
vocalulary systemg24]. We experimentwith variantsof this
approachusingthe AF MLPs [13]. Theideais similarto the
approactof Kirchhoff [5], althoughwe usedifferentwaysof
combiningthe MLP outputswith the PLPs. We also exper
imentwith factoringthe obseration modelinto two factors,
oneover the PLPsandoneover the MLP outputs,which can
reducetraining dataneedsandallows for differentstateclus-
teringsfor the two factors. Resultson the 500-word taskare
shavnin Table5. No trainingword alignmentsvereused.
The main conclusionsare: the FishertrainedMLPs sig-
ni cantly outperformthe SVitchboardones; the AF-based
tandemmonophoneslightly outperformghe standardghone-
basedandemmonophonethoughnot signi cantly; andfac-
toring givesa ssigni cant performancemprovement. The tri-
phonemodelwith factoredAF tandemobsenationsgivesthe
lowest error rate to dateon this testset. Ongoingwork is
focusedon otherfactorizationssuchasonefactorper AF.

5. ANALYSIS USING MANUAL TRANSCRIPTIONS

Oneof the obstaclesn AF-basedecognitionresearchs the
lack of ground-truthAF values.To begin remedyingthis, we
have collecteda small setof utterancedabeledmanuallyat
the AF level, including 78 SVitchboardutterancesfor testing
accuracie®f classi ersandalignments.Thefeaturesetused



Model | WER |
1: Monophone w/PLPs (baseline) 67.7
2: Monophone w/phone tandem, SVB-trained 63.0
3: Monophone w/AF tandem, SVB-trained 62.3
4: Monophone w/AF tandem, Fisher-trained 59.7
5: (4) + factoring 59.1
6: Triphone w/PLPs (baseline) 59.2
7: Triphone w/AF tandem, Fisher-trained 55.0
8: (7) + factoring 53.8

Table 5. Word error rates for tandem models on the 500-word test set.

for labelingis a slightly moredetailedversionof theobsena-
tion modelingfeaturessee[14] for moreinformation.
Analysisof classi er and AF alignmentaccuraciehave
yieldedsomeinterestingobsenations.For example,compar
ing the 1-statemonofeatandhybrid models,we nd thatAF
alignmentscomputedwith the monofeatmodelare closerto
humanlabelsthanthe hybrid alignmentsare,and MLPs re-
trainedonthesealignmentutperformonestrainedon hybrid
alignments.Ontheotherhand,the 1-statemonofeatasvery
poor recognitionperformanceandthe hybrid alignmentsdo
improve recognitionwhenusedfor embeddedMLP training.
Theseresultshighlight the fact that differentmodelsmay be
appropriatdor differentpurposesfor example,the monofeat
modelsmay be usefulfor datatranscriptionrandanalysis.

6. CONCLUSIONS

We have summarizedhemainaspect®f ourinvestigationsof
AF-basedspeechrecognition.Themostencouragingecogni-
tion resultsthusfar comefrom thetandemobsenationexper
iments. Hybrid models,while currentlybehindothermodels
in termsof accurag, requirevery little training databeyond
the MLP training, and may thereforehold greaterpromise
in multilingual scenarios.The multistreammodelswe have
testedon both audio-onlyand audio-visualspeechare close
to, but not outperforming,phone-basedhodels. Whenused
to produceforced AF alignmentsof training data, however,
the new pronunciationmodelsare ableto improve the accu-
racy of the MLP AF classi ers,suggestin@nalternatve use
for suchmodelsin datatranscriptiorandanalysis. Additional
contributionsof this work are: newv SVitchboardbaselinesa
setof manualfeature-leel transcriptions;and several tools,
includinggmtkTie for generalizedtatetying in GMTK, site-
independenparalleltraininganddecodingscriptsfor GMTK,
and a tool for visualizing GMTK Viterbi paths. The tran-
scriptionsclassi ers,andtoolswill beavailablefor download
from http://people.csail.mit.edu/klivescu/WS06AFSR .
Beyondtheongoingwork mentionedabove,alongerterm
goalis to combineclassi er-basedobsenation modelswith
multistreampronunciationmodels. To achiere state-of-the-
artperformanceit maybenecessaryo modeleffectssuchas
articulatorysubstitution cross-vord asynchroy, andcontext
dependenceAnotherdirectionis in theareaof automaticAF
transcriptionfor analysis.If we canaccuratelyalign a large

data set automatically we can addressscienti ¢ questions
aboutarticulatoryfeaturebehaior, andthe answersshould
in turn sene to improve AF-basedecognitionmodels.
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