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ABSTRACT
We report on investigations, conductedat the 2006 Johns
HopkinsWorkshop,into theuseof articulatoryfeatures(AFs)
for observationandpronunciationmodelsin speechrecogni-
tion. In the areaof observation modeling,we usethe out-
putsof AF classi�ersbothdirectly, in anextensionof hybrid
HMM/neuralnetwork models,andaspartof theobservation
vector, anextensionof the“tandem”approach.In theareaof
pronunciationmodeling,we investigatea modelhaving mul-
tiple streamsof AF stateswith softsynchrony constraints,for
bothaudio-onlyandaudio-visualrecognition.Themodelsare
implementedas dynamicBayesiannetworks, and testedon
tasksfrom theSmall-Vocabulary Switchboard(SVitchboard)
corpusand the CUAVE audio-visualdigits corpus. Finally,
we analyzeAF classi�cation and forced alignmentusing a
newly collectedsetof feature-level manualtranscriptions.

Index Terms— Speechrecognition,speechprocessing

1. INTRODUCTION

Articulatoryfeatureshavealonghistoryin proposalsfor auto-
maticspeechrecognition(ASR)techniques(e.g.,[1, 2, 3, 4]).
Somemotivationsare that (1) suchmodelsshouldhelp ac-
countfor coarticulationeffects,(2) certainaspectsof articula-
tion canbemorerobustlydetectedthanothers,and(3) several
classi�ers, eachwith a small numberof classes,may make
betteruseof sparsetrainingdatathanasinglephoneclassi�er.
Approachesusingarticulatoryfeatures(AFs) have hadsome
success,for examplein noisy conditions[5], for hyperartic-
ulatedspeech[6], or in multilingual settings[7]. Improve-
mentshave alsobeenobtainedin lexical accessexperiments
usingmodelsof articulatoryasynchrony andreduction[8].

Our ultimategoal is to build completecontinuousspeech
recognizersusingAFsatall levels,includingmultiplefeature-
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speci�c statestreamsandobservationsor observationmodels
tailoredto thosestreams.Weassumein thiswork thatthetask
is �rst-pass Viterbi decodingto �nd the jointly most likely
stringof wordsw∗ andsetof stateassignmentsq∗:

{w∗, q∗} = arg max
w;q

p(o|q)p(q|w)p(w),

where o are the observations. In hidden Markov model
(HMM)-basedrecognition,q is the phoneticstatesequence.
In our case,q canbe any collectionof hiddenvariablescor-
respondingto thesub-word representation;e.g.,it maybethe
assignmentsfor a set of hiddenstatestreams. We refer to
p(o|q) astheobservationmodelandto p(q|w) asthepronun-
ciation model. This is a non-standardde�nition of the pro-
nunciationmodelandrefersto the entireprobabilisticmap-
ping from wordsto sub-word structure.The remainingterm
p(w) is thelanguagemodel,whichweassumeto be�x ed.

We describeseveralapproachesfor observationandpro-
nunciationmodeling. For observation modeling,we usethe
outputsof multilayerperceptron(MLP) AF classi�ersin two
ways: to estimatep(o|q) (a “hybrid” approach[9]); and as
part of the observation vectorafter post-processing(a “tan-
dem” approach[10]). We investigate“embeddedtraining” of
theMLPs,in whichtrainingdataisalignedusinganAF-based
recognizerandthe MLPs areretrained[11]. For pronuncia-
tion modeling,wetestamodelconsistingof multiple loosely-
synchronizedhidden AF streams,for both audio-only and
audio-visualrecognition.Themotivationfor theaudio-visual
caseis that articulatorydynamicscan explain the observed
asynchrony betweentheaudioandvideosignals.In thiswork,
we do not combinethe new observation and pronunciation
models; for observation modelingexperiments,the hidden
statesareasinglephoneticstatestream,andfor pronunciation
modelingexperimentswe useGaussianmixture observation
models. All modelsare implementedasdynamicBayesian
networks (DBNs) [12]. We have also collecteda small set
of manualtranscriptionsat the AF level, and we compare
AF classi�er outputsand alignmentsagainst these. Due to
spacelimitations, we will summarizeonly brie�y many as-
pectsof this work. Additional detailswill appearseparately
(e.g.[13, 14, 15]).



2. DATA AND BASELINES
For audio-onlyexperiments,we usea subsetof SVitchboard
1, a setof small-vocabulary tasksfrom Switchboard1 [16].
We usethe10-word and500-word vocabulary tasks,anduse
the“ABC” setsfor training,asubsetof “D” for development,
and“E” for �nal testing. We usethe 10-word task for pre-
liminary testsand for experimentswith the more compute-
intensive models.We have founda high correlationbetween
10- and 500-word results. The observations are speaker-
normalizedperceptuallinearprediction(PLP)coef�cients.

Table1 shows several baselineperformanceresults. All
systems,exceptonesmarked “HTK”, aretrainedandtested
with the GraphicalModeling Toolkit (GMTK) [17]. The
GMTK triphonesystemusesa new statetying tool, gmtk-
Tie,whichgeneralizestriphonedecisiontreeclusteringto dis-
tributionswith arbitraryconditionalparentsanduser-de�ned
questions.Themonophonemodelhasbeentrainedbothwith
andwithout word alignments(from MississippiState[18]).
All of the new baselines,except the 10-word monophone
without alignments,outperformpreviously publishedbase-
lines[16], andtheGMTK triphonemodelcomparesfavorably
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 pronunciationmodelsarebasedon the approachof [8].
Each AF is representedas a separatehidden stream,with
soft synchrony constraintsbetweenstreams. This is based
on the motivation that the articulatorscan move in a semi-
independentway, and that this accountsfor many coartic-
ulatory pronunciationeffects. The soft (i.e. probabilistic)
synchrony constraintsbetweenAF streamsaremodeledvia
“asynchrony variables”, whose distributions representthe
probability of one AF being aheador behindanotherby a
given numberof states.For example,an asynchrony of one
statebetweennasalityandthe lips or tonguecanproduceef-
fectssuchasepentheticstopinsertionandvowel nasalization.
This typeof pronunciationmodelhasshown promisein lexi-
cal accessexperiments,in which thearticulatoryfeaturesare
given and thereare no acousticobservations[8]. Here we
usethemodelfor �rst-passdecoding,for bothaudio-onlyand
audio-visualspeech.For thecurrentwork,weassumethatthe
observationdependsjointly on all of theAFs via a Gaussian

mixturedistribution. Fig. 1(a)showsthemaincomponentsof
themodel,assumingthreeAFs.

(a) (b)
Fig. 1. Two frames of DBNs for recognizers using (a) a multistream AF-
based pronunciation model (b) an AF-based hybrid observation model. qF

is the hidden state of feature F ; q is the phonetic state; asyncij is the cur-
rent degree of asynchrony between streams i and j ; and the checkSyncij

variables enforce the synchrony constraints.

3.1. Experiments
We usefeaturesbasedon articulatoryphonology[19], con-
sistingof thelip, tongue,glottis,andvelumstates.We group
all lip featuresinto onestream,tonguefeaturesinto another
stream,andtheglottis andveluminto a third stream.We al-
low at mosttwo statesof asynchrony betweenstreams,with
completesynchronizationatwordboundaries.

3.1.1. Audio-onlyexperimentsonSVitchboard

We trainedAF-basedmodelsanalogousto the monophone
baseline,referredto as“monofeat” models,by conditioning
theobservationvectoron thecurrentAF statesonly. Wecon-
sider1-stateand3-stateversions,analogouslyto 1-stateand
3-statemonophones.In the 3-stateversion,eachsub-phone
statehasdifferentAF values.Word alignmentswereusedin
training. A selectionof the error ratesis shown in Table2.
In “3-statemonofeat,sync”, all AF streamsarecompletely
synchronized,which we expect to be worse than baseline
sincetherearenotuniqueAF valuesfor all phonestates.The
asynchronousmodelslightly underperformsthesynchronous
one, indicating that the asynchronousstatesdo not help in
this case.We have found that many statescorrespondingto
asynchronouscon�gurationshaveextremelylow occupancies
and thereforepoorly trainedGaussians,a possiblecauseof
the impairedperformance.Ongoingwork is focusedon im-
proved initialization approachesand statetying to alleviate
low-occupancy issues. Work is also ongoingto model the
effectsof AFs strayingfrom their targetvalues[8] andto ac-
countfor theeffectsof linguistic context, aswell asto relax
thewordboundarysynchronizationconstraint.

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

Table2. Test set word error rates of the baseline and “monofeat” models.

3.1.2. Audio-visualexperimentsonCUAVE
We applya similar modelto audio-visualspeechrecognition
(AVSR).A commonapproachis a“phoneme-viseme”model,



with onestreamfor the“audible” stateandonefor the“visi-
ble” state[20]. AFshavepreviouslybeenproposedfor usein
AVSR[21], but to ourknowledgehavenotbeenusedfor con-
tinuouswordrecognition.Thetaskhereis recognitionof read
digit stringsfrom aportionof theCUAVE corpus[22]. Noise
is addedto thetest(but not training)data.Theacousticobser-
vationsareMFCCs,andthe visual observationsarediscrete
cosinetransformcoef�cients of aregionof interestaroundthe
mouth1. It hasbeenshown that,on this task,addingthevi-
sualsignalimprovesrecognitionandasynchronousphoneme-
visememodelsoutperformsynchronousones[23].

We usethe sameAF-basedmodel as in Sec.3.1.1, but
with two observationvectors.We assumethat theaudioand
videoareindependentgiven theAFs, andthateachdepends
on all threeAF streams.Table3 shows developmentsetre-
sults. The phoneme-visememodelsarealsonew, in that we
usea 2-streamversionof the structurein Fig. 1(a). The AF
modeldoesnot differ signi�cantly in performancefrom the
phoneme-visemeones,but it makes differentmistakes,and
a systemcombination(ROVER) includinganAF modelout-
performsoneusingonly phoneme-visemesystems.We plan
to applythesemodelsto morecomplex tasks,wheretheasyn-
chrony 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 observation
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 singlestreamof phoneticstatesas
in the baselinemodels. The AF sethereincludesplaceand
degreeof constriction,nasality, rounding,glottal state,and
vowel quality (see[14] for moredetails),andthe classi�ers
areMLPs. Two versionsof the MLPs weretrained: oneon
theFisherandSwitchboard2 databasesminusSwitchboard1
(1776hours);andoneon only the SVitchboardtraining set.
Therationalefor theformeris thatMLPscouldbetrainedon
a large database,thenportedto a data-poordomain. Initial
training labelswereproducedfrom forcedphonealignments
convertedto AF labels2.

4.1. Experimentswith hybrid AF-basedmodels
In hybrid models,p(o|q) is replacedwith a scaledlikeli-
hood estimatedfrom the MLP outputs[9]. In contrastto

1Thanks to Amar Subramanya for providing the visual observations.
2We are grateful to SRI for providing the phone alignments.

standardhybrid approaches,we have multiple statevariables
qf , f ∈ {place, degree, ...}. We use a non-deterministic
(learned)mappingfrom thephoneticstateq to theAF states
qf , andadistributionp(o|qf ) for eachAF givenby theMLPs.
TheDBN for this modelis shown in Fig. 1(b). AF-basedhy-
brid modelshave beenusedpreviously [5], althoughwith a
deterministicmappingbetweenphonesandAFs.

Resultsobtainedwith amonophoneversionof thismodel,
using the Fisher-trainedMLPs, on the 10-word test set are
shown in Table4. The hybrid modelaloneis far behindthe
HMM baseline.Whenthismodelis usedto align theSVitch-
boardtrainingsetandtheMLPs areretrainedon thesealign-
ments,performanceimproves drastically, althoughstill re-
mainingbehindthebaseline.Thehybrid approachmayhold
promisefor cross-domainor cross-lingualwork; a domainin
which thereis little datamaybene�t from classi�erstrained
on a data-richdomain,andAFs may be moredomain-and
language-independentthanphones.

Model WER

Monophone baseline 20.0

Hybrid 30.1

Hybrid + embedded training 24.3

Table4. Word error rates of hybrid models on the 10-word test set.

4.2. Experimentswith AF-basedtandemobservations
In thetandemapproach,theMLP outputsarepost-processed
and appendedto the acousticobservation vector, and the
combinedvector is modeledas usual with Gaussianmix-
tures. This approachhasbeenusedin state-of-the-artlarge-
vocabularysystems[24]. Weexperimentwith variantsof this
approachusingtheAF MLPs [13]. Theideais similar to the
approachof Kirchhoff [5], althoughwe usedifferentwaysof
combiningthe MLP outputswith the PLPs. We alsoexper-
imentwith factoringtheobservationmodelinto two factors,
oneover thePLPsandoneover theMLP outputs,which can
reducetrainingdataneedsandallows for differentstateclus-
teringsfor the two factors.Resultson the500-word taskare
shown in Table5. No trainingwordalignmentswereused.

The main conclusionsare: the Fisher-trainedMLPs sig-
ni�cantly outperformthe SVitchboardones; the AF-based
tandemmonophoneslightly outperformsthestandardphone-
basedtandemmonophone,thoughnot signi�cantly; andfac-
toring givesa signi�cant performanceimprovement.Thetri-
phonemodelwith factoredAF tandemobservationsgivesthe
lowest error rate to dateon this test set. Ongoingwork is
focusedonotherfactorizations,suchasonefactorperAF.

5. ANALYSIS USING MANUAL TRANSCRIPTIONS

Oneof theobstaclesin AF-basedrecognitionresearchis the
lack of ground-truthAF values.To begin remedyingthis,we
have collecteda small setof utteranceslabeledmanuallyat
theAF level, including78SVitchboardutterances,for testing
accuraciesof 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

Table5. Word error rates for tandem models on the 500-word test set.

for labelingis aslightly moredetailedversionof theobserva-
tion modelingfeatures;see[14] for moreinformation.

Analysisof classi�er andAF alignmentaccuracieshave
yieldedsomeinterestingobservations.For example,compar-
ing the1-statemonofeatandhybrid models,we �nd thatAF
alignmentscomputedwith the monofeatmodelarecloserto
humanlabelsthanthe hybrid alignmentsare,andMLPs re-
trainedonthesealignmentsoutperformonestrainedonhybrid
alignments.On theotherhand,the1-statemonofeathasvery
poor recognitionperformance,andthehybrid alignmentsdo
improve recognitionwhenusedfor embeddedMLP training.
Theseresultshighlight the fact thatdifferentmodelsmaybe
appropriatefor differentpurposes;for example,themonofeat
modelsmaybeusefulfor datatranscriptionandanalysis.

6. CONCLUSIONS

Wehavesummarizedthemainaspectsof ourinvestigationsof
AF-basedspeechrecognition.Themostencouragingrecogni-
tion resultsthusfarcomefrom thetandemobservationexper-
iments.Hybrid models,while currentlybehindothermodels
in termsof accuracy, requirevery little trainingdatabeyond
the MLP training, and may thereforehold greaterpromise
in multilingual scenarios.The multistreammodelswe have
testedon both audio-onlyandaudio-visualspeechareclose
to, but not outperforming,phone-basedmodels. Whenused
to produceforcedAF alignmentsof training data,however,
the new pronunciationmodelsareableto improve the accu-
racy of theMLP AF classi�ers,suggestinganalternative use
for suchmodelsin datatranscriptionandanalysis.Additional
contributionsof this work are: new SVitchboardbaselines;a
setof manualfeature-level transcriptions;andseveral tools,
includinggmtkTie for generalizedstatetying in GMTK, site-
independentparalleltraininganddecodingscriptsfor GMTK,
and a tool for visualizing GMTK Viterbi paths. The tran-
scriptions,classi�ers,andtoolswill beavailablefor download
from http://people.csail.mit.edu/klivescu/WS06AFSR .

Beyondtheongoingwork mentionedabove,alongerterm
goal is to combineclassi�er-basedobservation modelswith
multistreampronunciationmodels. To achieve state-of-the-
artperformance,it maybenecessaryto modeleffectssuchas
articulatorysubstitution,cross-word asynchrony, andcontext
dependence.Anotherdirectionis in theareaof automaticAF
transcriptionfor analysis.If we canaccuratelyalign a large

data set automatically, we can addressscienti�c questions
aboutarticulatoryfeaturebehavior, and the answersshould
in turnserve to improve AF-basedrecognitionmodels.
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