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ABSTRACT

In recentyearsthere hasbeengrowing interestin discrimi-
native parametetraining techniquesresultingfrom notableim-
provementsin speechrecognitionperformanceon tasksranging
in sizefrom digit recognitionto Switchboard.Typified by Maxi-
mum Mutual Informationtraining, thesemethodsassumea fixed
statisticalmodelingstructure,andthen optimize only the associ-
atednumericalparametergsuchas meansyariancesandtransi-
tion matrices).In this paper we explorethe significantlydifferent
methodologyof discriminatie structue learning. Here, the fun-
damentaldependenc relationshipshetweenrandomvariablesin
a probabilisticmodelarelearnedin a discriminative fashion,and
are learnedseparatelyfrom the numericalparameters.In order
to applythe principlesof structuraldiscriminability we adoptthe
framework of graphicalmodels,which allows an arbitrary setof
variableswith arbitrary conditionalindependenceelationshipgo
be modeledat eachtime frame. We presentresultsusing a nev
graphicalmodelingtoolkit (describedn acompaniorpaper)from
therecent2001JohnsHopkins SummeWorkshop. Theseresults
indicatethat significantgainsresultfrom discriminatve structural
analysisof both conventionalMFCC and novel AM-FM features
onthe Auroracontinuoudigits task.

1. INTRODUCTION

Discriminative parametelearningtechniquesrebecominganim-
portantpart of speechrecognitiontechnology asindicatedby re-
centadwancesn largevocahilary taskssuchas Switchboard16],
which nonv complementwell knovn improvementsin small vo-
cahularytaskslikedigit recognition[12]. Theseechniquesreex-
emplifiedby the maximurmmutualinformationlearningtechnique
[1], which specifiesa procedurefor discriminatively optimizing
HMM transitionandobsenation probabilities. Thesemethodolo-
giesadopta fixedpre-specifiednodelstructureandoptimizeonly
thenumericparameters.

The techniqueof structural discriminability [4, 2, 5] stands
in significantcontrastto thesemethodsbecausein this case the
goal is to learndiscriminatvely the actualdependeng structure
betweerrandomvariablesin class-conditionaprobabilisticmod-
els. It is thusboth orthogonaland complementaryo the methods
usedfor fixed-structurgparametepptimization.

At thebasisof all patternclassificatiorproblemss asetof K
classe<’,...,Ck, andarepresentatioonf eachof theseclasses
in termsof a setof T' randomvariables X4, ..., X1 (denoted
as X1.7). For eachclass,a probabilisticmodel P(X1.r|C%) is
usedto representhe class-conditionatlistribution over the ran-
domvariablesandthesedistributionsareusedto performpattern
classification Bayesdecisiontheorystateshat,moduloa 0/1-loss
function,the optimalchoiceis the classwith the highestposterior
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probability:
k™ = agmaxP(Ck|X1.7) = agmax P(X1.7|Ck)P(Ck)
k k

Theaimof structuraldiscriminabilityis to identify aminimal setof
dependencieim classconditionaldistributions P(X1.7|Cy) such
thatthereis little or nodegradationin classificatioraccurag rela-
tive to the decisionrule abore. A measurdghatachiezesthis goal
is describedn Section3.

In this paper we will focuson class-conditionaprobabilistic
modelsthat canbe expressedis Bayesiametworks, a type of di-
rectedgraphicalmodel[13, 11]. A directedgraphicalmodelis a
graphin whichnodesrepresentandomvariablesandarcsencode
conditionalindependencassumptionamongstthe variables. If
we denotetheparentof avariableX; asX,, andaspecificvalue
of X; asx;, andspecificvaluesfor its parentsby z,, thenthe
joint distribution canbe factoredas

P(Xl =z1,...,Xn =$n) ZHP(Xz ZmilXﬂi =ZL‘M)

In this work, we adoptedthe Graphical Models Toolkit
(GMTK) - a newly developedopensourcetoolkit describedin
detailin a companionpaper[3]. The benefitsof this framewvork
includethe ability to rapidly andeasily expressa wide variety of
models,andusethemin asefficient a way aspossiblefor a given
modelstructure.

In theremaindenf this paperwewill presenthework doneat
the2001JohnsHopkinsSummemorkshop wherewe applieddis-
criminative graphicalmodelsto the Auroraconnectedligits task,
anddemonstrateaignificantimprovementsfrom structurelearn-
ing, bothwith standardMFCCsandwith novel AM-FM features.
In Section2 we review the graphicalmodel structuresappropri-
ate for speechrecognition,followed in Section3 by a summary
of our structurelearningalgorithms.In Section4, we preseniur
experimentakesults,andconcludein Section5.

2. BASE GRAPHICAL MODEL STRUCTURES

Theoverallgoalof our projectwasto begin with HMM-equivalent
graphicalmodels,and then extend themin structurally discrim-
inative ways; in this section,we briefly presentthe basictrain-
ing and decodingstructuresthat we usedto emulatean HMM.
Sincethe equivalencebetweencertaingraphicalmodelstructures
andbasicHMMs hasbeendiscussegreviously [14], ashave the
methodghatcanbe usedto build afull speectrecognitionsystem
[17, 18, 19], we presenbnly a sketch.

Thekey to creatinga graphicalmodelthatexplicitly emulates
an HMM s to createstateand transitionvariablesin eachtime
frame,whosevaluesreferto statesandtransitionsin an underly-
ing finite stateHMM graph. Equivalenceis proved by settingthe
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Fig. 1. Decodingnetwork unrolledfor 3 frames. Obsered vari-
ablesareshaded.

conditional probabilitiesin the graphicalmodel so that eachas-
signmentof valuesto its variablescorrespondso a paththrough
the HMM graph,andhasa probability equalto that of the HMM
path(detailsmaybefoundin [17]).

Figurel shavs the graphicalmodelstructureusedfor decod-
ing onthe Auroratask. Thevariablesn this network are:

. Word: indicateswhich word is beingspolen.

. Word-position:within-word position.

. Phone:acousticstatecorrespondingo word-position.

. Phone-transitionl whenphonetransitionoccurs.

. Word-transition.1 whenword ends.

. Acoustics.Thefeaturevectorfor aframe.

. End-of-utteranceHasan assignedralue of 1, anda prob-
ability distribution that assignsto that value O probability
unlesgthefinal word-transitionvariablehasvaluel (mean-
ing, thereis atransitionout of thefinal stateof a word).

Thevariablesn Figurel have beenassignedialuescorresponding
to anoccurrenceof theword “hi”. In this casethevalueof for
theword meanghat“hi” is thefifth word in the vocalulary. The
word positionsequencethrough (correspondingo /HH/) and
(correspondingo /AY/). Theword transitionvariableis 0 except
in the lastframe, whena phonetransitionin the last position of
theword forcesavalueof . It shouldbe notedthatin decoding,
thesinglelik eliestassignmenof variablevaluesis found; Figurel
shaws just oneof mary possible.Detailsof our training structure
will bedescribedn forthcomingworkshopdocumentation.

This basicgraphicalmodel structurewas usedas a skeleton
ontowhichadditionaledgesetweerobserationswereaddeddis-
criminatively (seeFigure2). This correspondso expandingthe
graphover obsenation featurevectorsfrom Figure 1, and then
addingedgeshetweerthosevariables.

~NOUDWNPE

3. DISCRIMIN ATIVE STRUCTURE LEARNING
ALGORITHMS

In the past,therehasbeena significantamountof work devoted
to the induction of probabilisticmodels,and much of this work
involves identifying model structuresthat capturethe underly-
ing conditionalindependenceelationshipwf the variablesbeing
modeled. Sometimeghis is calledstatisticalmodel selection[6]
and morerecentlylearningBayesiannetworks [8, 7]. Similarly,
therehasbeenwork in inducingHMM modeltopology e.g.[15],
thoughthisis differentin spirit asit doesnotfocuson conditional
independenceelations. Most often, thesemethodswork by at-
temptingto find a modelstructurethat maximizesthe probability
of someobseneddata,i.e. selections performedaccordingo the
maximumlik elihoodprinciple.

Fig. 2. Additional sparsediscriminative structureaddedover ob-
senedvariables.

The abore approachesresignificantly differentfrom the fo-
cusof thiswork. Whenthetaskis patternclassificationor ASR),
it is no longerthe casethatthe classconditionaldistribution that
maximizesthe likelihood of obsered datais required. Instead,
we seekonly discriminatize representationhat maximizeclassi-
fication accuray. Therearetwo orthogonalways thatthesecan
be constructedihe first is via discriminatve parametetraining
methods(discussedibove), andthe secondis to have the under
lying structureof eachclass-conditionainodelrepresenonly that
which helpsfor discrimination[2, 5].

In orderto producea discriminatively structuredgraphical
model, it mustbe possibleto measurehe discriminative quality
of anedgein a graph. In the work presentederein,we measure
the quality of edgeshetweenobsenation variables.For example,
supposé¢hatX ; isthe  componenbfthe featurevector In
a typical HMM, a hiddenvariablerepresentinga phoneor some
sub-phonetianitis theparentof X ;. Here,howvever, we consider
addingadditionalbetween-obseation edgesby allowing X  to
alsobeaparentof X ;, where .

In order to choose such edges discriminatvely, we use
the EAR (explaining-avay residual) measure,an information-
theoreticdiscriminatie edgequality measuremerftrst definedin
[2,5]. Assumingthat isaclassrandonwvariable,andthatwe are
consideringaddingedgesto all the elementsof the randomvec-
tors X from all theelementof ,the EAR measures definedas

follows:
EARX, )= (X, | ) (X, )

where (X, | ) is theconditionaland (X, ) is theuncon-
ditional mutualinformationbetweernvectorsX and . It canbe
shavn [5] thatchoosingedgesvhich optimizethe EAR measurés

identicalto minimizingthe KL-divergencebetweertheactualand
anapproximateclassposteriomprobability distribution. Additional

insightinto the EAR measurdollows from thefactthatoptimizing
it is equivalentto optimizing (X, | ). Thislastinterpretation
impliesthatagoalof the EAR measurés to chooseadditionalpar

entsof X to increaseasmuchaspossiblethe mutualinformation
betweenX and .

The EAR measurén its mostgeneraform is difficult to com-
pute,soin mary caseonemustinsteaduseonly an approxima-
tion. In thiswork, we assumehatX and arescalargatherthan
vectors. This meansthat only the pairwise quality of edgescan
be measuredand that the utility of multiple edgesare not mea-
suredjointly. Singleedgesarethenchosenn a greedyfashion.In
otherwork [5], aform of switchingEAR measureapproximation
wasusedwherea classconditionalmodelwasdesignedor each

= wusing (X, | =) (X, ). Inthework reported
herein,we designeda singleglobaldiscriminatie structurefor all
classconditionalmodelsusing (X, | ) (X, ), represent-
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Fig. 3. Discriminative mutualinformationasa function of parent
featureposition andtimelag. Features,... areCy,...,Ciz;

next is C andthenlog-enegy. The patternrepeatdor deltasand
double-deltasQ rangedover word values.

ing the averageacrossthe possiblevaluesof . Dependingon
thedesiredevel of granularity mayrangeover eitherwords,or
individual stateswithin words— we presentesultsfor both.

4. EXPERIMENT AL RESULTS

4.1. Corpora

Our experimentakesultsfocuson the Aurora 2.0 continuougdigit
recognitiontask [9]. The Aurora databaseconsistsof TIDigits
data,which hasbeenadditionally passedhoughtelephonechan-
nelfilters, andsubjectedo a variety of additive noises.Thereare
eightdifferentnoisetypesrangingfrom restauranto train-station
noise,and SNRsfrom -5dB to 20dB. For training, we usedthe
“multi-condition” setof 8440utteranceshatreflectthe variety of
noiseconditions. We presentaggrgateresultsfor testsetsA,B,
andC, whichtotal about70,000testsentencef9].

We processedhe Aurora datain two significantly different
ways. In thefirst, we usedthe standardront-endprovided with
thedatabaséo produceMFCCs,includinglog-enegy andC . We
thenappendedieltaanddouble-deltdeaturesandperformedcep-
stralmeansubtractionfo form a42 dimensionafeaturevector In
the secondapproachwe computedAM (Amplitude Modulation)
andFM (Frequeng Modulation)features’. Thesearecomputed
by dividing the spectruminto  equallyspacedandsusingmul-
tiple complex quadraturébandpassfilters. For eachneighboring
pair of filters, thehigherbandfilter outputis multiplied by thecon-
jugateof thelower-bandoutput. Theresultis low-pasdilteredand
sampledevery 10ms.The FM featuresarethe sineof the angleof
thesampledbutput,andthe AM featureis thelog of therealcom-
ponent.Althoughwe expectthatthesefeaturescouldbeimproved
by further processinge.g. cosinetransform,meansubtraction,
derivative-concatenationye usedthe raw featuresto provide the
maximumcontraswith MFCCs.

4.2. Mutual Information Measures

Thefirst stepof our analysiswvasa computatiorof thediscrimina-
tive mutualinformationbetweenrall possiblepairsof conditioning

1We thankY. Brandmarof Phonetact|nc. for providing this technol-
ogy.

Fig. 4. Inducedconditioningrelationshipgor the systenof Figure
3. The strengthof the EAR measures indicatedby the thickness
of thelines. Thefeatureorderingis asin Figure3,soC' isthel13th
row. Eachfeaturepositionwasconditionedon oneotherentry

variables. Although we could computethis for hiddenvariables
aswell asobsenations,for expedieny andsimplicity we focused
onconditioningbetweerobserationcomponentslone.Thus,the
structureswve presentater areessentiallyexpandedviews of con-
ditioningrelationship@mongtheindividual entriesof theacoustic
featurevectors(seeFigure?).

Considetthe mutualinformationbetweernbserationcompo-
nentsX andX ;. We visualizethe EAR measurey plotting it
asa function of either or , andthelag . In Figure3, we
presentdiscriminative mutualinformationasa functionof and
the time lag, for a systembasedon whole-word models. Inter
estingly Figure3 shaws thatdiscriminatve mutualinformationis
strongestvhenC or log-enegy arethe parentfeaturesandthis
is true on averagefor all children (notethatthe featuresareor-
deredsothattheseappearafter C1  Ci2, i.e. in the middle of
the plot). Moreover, informationis strongestt a syllable-length
lag of 100-150ms.The deltasof thesequantitiesare also highly
informative.

4.3. Induced Structur es

Usingthe methodof Section3, we inducedconditioningrelation-
shipsusingboth MFCCsand AM-FM features.In Figure4, we
shav theinducedstructurefor an MFCC systembasedon whole-
word models,and using Q-valuescorrespondindgo wordsin the
EAR measureAs expectedthereis conditioningbetweenC' and
its valuemorethan100ms previously.

In a secondsetof experimentswe usedthe AM-FM features
aspossibleconditioningparentsor the MFCCs;theinducedcon-
ditioning relationshipsareshavn in Figure5. Thefirst 42 features
arethe MFCCs; theseare followed by AM features,and finally
the FM features. This graphindicatesthat FM featuresprovide
significantdiscriminatie informationaboutthe MFCCs.

4.4, Word Err or Rate Results

To validateour structure-learningnethodswe built baselinesys-
tems(with GMTK emulatinganHMM), andthenenhancedhem
with discriminatie structure Althoughwe built bothwhole-word
andshared-phonsystemsyve describeonly our bestresultshere,
which werefrom thewhole-word system.Our resultswith phone-
basedsystemswverequalitatively identical.
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Fig. 5. Inducedconditioningrelationshipsfor AM-FM features.
Q rangedover word-statevalues. MFCC featuresare at the bot-
tom, followed by AM, andthenFM features. EachMFCC was
conditionedon upto two parents.

| [clean] 20 [15 J10 |5 JO T[-5 ]
GMTK 199.2 1985]97.8]96.0] 89.2] 66.4] 215
HP 985 [ 97.3] 96.2] 93.6 | 85.0] 57.6] 24.0

Table 1. Word recognitionratesour baselineGMTK systemasa
functionof SNR.HP is reproducedrom [9].

Thebaselinevhole-word systemis quite similar to thatspeci-
fiedin [9]: eachof the 11 vocalulary wordshas16 stateswith no
parametetying betweenstates. Additionally, silenceand short-
pausemodelswere used,with threesilencestatesandthe middle
statetied to short-pauseAll modelswerestrictly left-to-right,and
used4 Gaussianger statefor atotal of 715 Gaussians.

In Table1 we shav theabsoluteecognitionratesfor ourbase-
line systemas a function of SNR, averagedacrossall test con-
ditions. Also presenteds the publishedbaselineresult[9] with
a systemthat had somevhat fewer (546) Gaussiansye seethat
GMTK performscompetitvely whenit emulatesan HMM. (We
used4 Gaussianger stateratherthan3 becauseve useda split-
ting procesghatdoublesthe numberaftereachsplit.)

Table 2 presentshe relative improvementin word-errorrate
for several structure-inducedystems.Thereareseveral thingsto
note. Thefirst is that significantimprovementswere obtainedin
all casesTheseconds thatstructureinductionsuccessfullyden-
tified the synegistic informationpresenin the AM-FM features,
andresultedin a significantimprovementover rav MFCCs. The
final point is that whenwe increasedhe size of a conventional
systento thesamenumberof parametergperformancavasmuch

| [clean[ 20 [15 [10 [5 [0 [5 |
WWS [ 163 | 193] 14.2] 105 9.85] 19.0]| 126
AMFM [ 104 [ 9.73[ 6.91 | 4.29| 7.05| 174 155
WW | 7.16 | 7.02| 551 5.93| 5.05] 16.0 | 15.0
EP 189 [ 6.56 | 14.7] 10.7] 7.16 | 5.09 1.20

Table 2. Percentword-errorrate improvement for structure-
inducedsystems.WWS is a systemwhereQ rangesover states;
AMFM conditionsMFCCson AM-FM featuresin WW, Q ranges
over words; and EP is a straight Gaussiarsystemwith twice as
mary Gaussiangasthebaseline For the WW andWWS systems,
oneparentper featurewasused;in the AMFM casetwo parents.
EP hasthe samenumberof parameterasWW andWWS.

worsein highnoiseconditions.Thus,structureinductionimproves
performancen arobustway.

5. CONCLUSION

In this paperwe describedthe resultsof the 2001 JohnsHop-
kins CLSPworkshop. Using a newly developedgraphicalmod-
els toolkit, GMTK [3], we implementedand testeda variety of
structurallydiscriminatize graphicalmodels.We found significant
improvementof 10-15%onthe Aurora2.0recognitiontask,using
bothMFCCsandnovel AM-FM features We expectthatdiscrim-
inative structue learning techniqueswill be a goodcomplement
to traditionaldiscriminatve parameteriearningmethods.

Thiswork waspartially supportecdby NSFGrantlIS-0097467
and DARPA contracts N66001-99-2-8916and N66001-99-2-
892403.
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