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ABSTRACT

In recentyearstherehasbeengrowing interestin discrimi-
native parametertraining techniques,resultingfrom notableim-
provementsin speechrecognitionperformanceon tasksranging
in sizefrom digit recognitionto Switchboard.Typified by Maxi-
mum Mutual Informationtraining, thesemethodsassumea fixed
statisticalmodelingstructure,andthenoptimizeonly the associ-
atednumericalparameters(suchasmeans,variances,andtransi-
tion matrices).In this paper, we explorethesignificantlydifferent
methodologyof discriminative structure learning. Here,the fun-
damentaldependency relationshipsbetweenrandomvariablesin
a probabilisticmodelarelearnedin a discriminative fashion,and
are learnedseparatelyfrom the numericalparameters.In order
to applytheprinciplesof structuraldiscriminability, we adoptthe
framework of graphicalmodels,which allows an arbitrarysetof
variableswith arbitraryconditionalindependencerelationshipsto
be modeledat eachtime frame. We presentresultsusinga new
graphicalmodelingtoolkit (describedin a companionpaper)from
therecent2001JohnsHopkinsSummerWorkshop.Theseresults
indicatethatsignificantgainsresultfrom discriminative structural
analysisof both conventionalMFCC andnovel AM-FM features
on theAuroracontinuousdigits task.

1. INTR ODUCTION

Discriminativeparameterlearningtechniquesarebecominganim-
portantpartof speechrecognitiontechnology, asindicatedby re-
centadvancesin largevocabulary taskssuchasSwitchboard[16],
which now complementwell known improvementsin small vo-
cabularytaskslikedigit recognition[12]. Thesetechniquesareex-
emplifiedby themaximummutualinformationlearningtechnique
[1], which specifiesa procedurefor discriminatively optimizing
HMM transitionandobservationprobabilities.Thesemethodolo-
giesadopta fixedpre-specifiedmodelstructureandoptimizeonly
thenumericparameters.

The techniqueof structural discriminability [4, 2, 5] stands
in significantcontrastto thesemethodsbecause,in this case,the
goal is to learndiscriminatively the actualdependency structure
betweenrandomvariablesin class-conditionalprobabilisticmod-
els. It is thusbothorthogonalandcomplementaryto themethods
usedfor fixed-structureparameteroptimization.

At thebasisof all patternclassificationproblemsis a setof �
classes� 	���������� ��� , anda representationof eachof theseclasses
in termsof a set of � randomvariables � 	 ��������� ��� (denoted
as � 	 � � ). For eachclass,a probabilisticmodel !�"#� 	 � �%$ ��&(' is
usedto representthe class-conditionaldistribution over the ran-
domvariables,andthesedistributionsareusedto performpattern
classification.Bayesdecisiontheorystatesthat,moduloa0/1-loss
function,theoptimalchoiceis theclasswith thehighestposterior

probability:)+* , argmax& !�"-� & $ � 	 � �.' , argmax& !�"#� 	 � � $ � & '/!�"-� & '
Theaimof structuraldiscriminabilityis to identifyaminimalsetof
dependenciesin classconditionaldistributions !�"#� 	 � � $ � & ' such
thatthereis little or nodegradationin classificationaccuracy rela-
tive to thedecisionrule above. A measurethatachievesthis goal
is describedin Section3.

In this paper, we will focuson class-conditionalprobabilistic
modelsthatcanbeexpressedasBayesiannetworks,a typeof di-
rectedgraphicalmodel[13, 11]. A directedgraphicalmodelis a
graphin whichnodesrepresentrandomvariables,andarcsencode
conditionalindependenceassumptionsamongstthe variables. If
wedenotetheparentsof avariable�10 as �1243 , andaspecificvalue
of �10 as 560 , andspecificvaluesfor its parentsby 56243 , then the
joint distributioncanbefactoredas

!�"#� 	 , 5 	 ��������� ��7 , 5+78' ,:9 0 !�"#��0 , 560 $ ��243 , 56243;'
In this work, we adopted the Graphical Models Toolkit

(GMTK) - a newly developedopensourcetoolkit describedin
detail in a companionpaper[3]. The benefitsof this framework
includetheability to rapidly andeasilyexpressa wide variety of
models,andusethemin asefficient a way aspossiblefor a given
modelstructure.

In theremainderof thispaper, wewill presentthework doneat
the2001JohnsHopkinsSummerworkshop,whereweapplieddis-
criminative graphicalmodelsto theAuroraconnecteddigits task,
anddemonstratedsignificantimprovementsfrom structurelearn-
ing, bothwith standardMFCCsandwith novel AM-FM features.
In Section2 we review the graphicalmodelstructuresappropri-
ate for speechrecognition,followed in Section3 by a summary
of our structurelearningalgorithms.In Section4, we presentour
experimentalresults,andconcludein Section5.

2. BASE GRAPHICAL MODEL STRUCTURES
Theoverallgoalof ourprojectwasto begin with HMM-equivalent
graphicalmodels,and then extend them in structurallydiscrim-
inative ways; in this section,we briefly presentthe basictrain-
ing and decodingstructuresthat we usedto emulatean HMM.
Sincetheequivalencebetweencertaingraphicalmodelstructures
andbasicHMMs hasbeendiscussedpreviously [14], ashave the
methodsthatcanbeusedto build a full speechrecognitionsystem
[17, 18, 19], we presentonly a sketch.

Thekey to creatinga graphicalmodelthatexplicitly emulates
an HMM is to createstateand transitionvariablesin eachtime
frame,whosevaluesrefer to statesandtransitionsin an underly-
ing finite stateHMM graph.Equivalenceis provedby settingthe
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Fig. 1. Decodingnetwork unrolledfor 3 frames.Observed vari-
ablesareshaded.

conditionalprobabilitiesin the graphicalmodel so that eachas-
signmentof valuesto its variablescorrespondsto a paththrough
theHMM graph,andhasa probabilityequalto thatof theHMM
path(detailsmaybefoundin [17]).

Figure1 shows thegraphicalmodelstructureusedfor decod-
ing on theAuroratask.Thevariablesin this network are:

1. Word: indicateswhichword is beingspoken.
2. Word-position:within-word position.
3. Phone:acousticstatecorrespondingto word-position.
4. Phone-transition:1 whenphonetransitionoccurs.
5. Word-transition.1 whenword ends.
6. Acoustics.Thefeaturevectorfor a frame.
7. End-of-utterance.Hasanassignedvalueof 1, anda prob-

ability distribution that assignsto that value0 probability
unlessthefinal word-transitionvariablehasvalue1 (mean-
ing, thereis a transitionoutof thefinal stateof a word).

Thevariablesin Figure1 havebeenassignedvaluescorresponding
to anoccurrenceof theword “hi”. In this case,thevalueof   for
theword meansthat “hi” is thefifth word in thevocabulary. The
word positionsequencesthrough ¡ (correspondingto /HH/) and ¢
(correspondingto /AY/). Theword transitionvariableis 0 except
in the last frame,whena phonetransitionin the last positionof
theword forcesa valueof ¢ . It shouldbenotedthat in decoding,
thesinglelikeliestassignmentof variablevaluesis found;Figure1
shows just oneof many possible.Detailsof our trainingstructure
will bedescribedin forthcomingworkshopdocumentation.

This basicgraphicalmodelstructurewasusedasa skeleton
ontowhichadditionaledgesbetweenobservationswereaddeddis-
criminatively (seeFigure2). This correspondsto expandingthe
graphover observation featurevectorsfrom Figure 1, and then
addingedgesbetweenthosevariables.

3. DISCRIMIN ATIVE STRUCTURE LEARNING
ALGORITHMS

In the past,therehasbeena significantamountof work devoted
to the inductionof probabilisticmodels,andmuchof this work
involves identifying model structuresthat capturethe underly-
ing conditionalindependencerelationshipsof the variablesbeing
modeled.Sometimesthis is calledstatisticalmodelselection[6]
andmorerecentlylearningBayesiannetworks [8, 7]. Similarly,
therehasbeenwork in inducingHMM modeltopology, e.g. [15],
thoughthis is differentin spirit asit doesnot focuson conditional
independencerelations. Most often, thesemethodswork by at-
temptingto find a modelstructurethatmaximizestheprobability
of someobserveddata,i.e. selectionis performedaccordingto the
maximumlikelihoodprinciple.

Fig. 2. Additional sparsediscriminative structureaddedover ob-
servedvariables.

Theabove approachesaresignificantlydifferentfrom the fo-
cusof this work. Whenthetaskis patternclassification(or ASR),
it is no longerthe casethat the classconditionaldistribution that
maximizesthe likelihood of observed datais required. Instead,
we seekonly discriminative representationsthatmaximizeclassi-
fication accuracy. Therearetwo orthogonalways that thesecan
be constructed;the first is via discriminative parametertraining
methods(discussedabove), andthe secondis to have the under-
lying structureof eachclass-conditionalmodelrepresentonly that
which helpsfor discrimination[2, 5].

In order to producea discriminatively structuredgraphical
model, it mustbe possibleto measurethe discriminative quality
of anedgein a graph. In thework presentedherein,we measure
thequality of edgesbetweenobservationvariables.For example,
supposethat ��£ 0 is the ¤ £#¥ componentof the ¦ £#¥ featurevector. In
a typical HMM, a hiddenvariablerepresentinga phoneor some
sub-phoneticunit is theparentof �1£ 0 . Here,however, weconsider
addingadditionalbetween-observationedges,by allowing �1§n¨ to
alsobea parentof � £ 0 , where©«ª¬¦ .

In order to choose such edges discriminatively, we use
the EAR (explaining-away residual) measure,an information-
theoreticdiscriminative edgequality measurementfirst definedin
[2, 5]. Assumingthat ­ is aclassrandomvariable,andthatweare
consideringaddingedgesto all the elementsof the randomvec-
tors � from all theelementsof ® , theEAR measureis definedas
follows:

EAR "#� � ®�' ,°¯ "#� � ® $ ­±'³² ¯ "#� � ®1'
where ¯ "#� � ® $ ­´' is the conditionaland ¯ "#� � ®1' is the uncon-
ditional mutualinformationbetweenvectors � and ® . It canbe
shown [5] thatchoosingedgeswhichoptimizetheEAR measureis
identicalto minimizing theKL-divergencebetweentheactualand
anapproximateclassposteriorprobabilitydistribution. Additional
insightinto theEAR measurefollowsfrom thefactthatoptimizing
it is equivalentto optimizing ¯ "#� � ­ $ ®1' . This last interpretation
impliesthatagoalof theEAR measureis to chooseadditionalpar-
entsof � to increaseasmuchaspossiblethemutualinformation
between� and ­ .

TheEAR measurein its mostgeneralform is difficult to com-
pute,so in many casesonemust insteaduseonly an approxima-
tion. In thiswork, we assumethat � and ® arescalarsratherthan
vectors. This meansthat only the pair-wise quality of edgescan
be measured,and that the utility of multiple edgesarenot mea-
suredjointly. Singleedgesarethenchosenin a greedyfashion.In
otherwork [5], a form of switchingEAR measureapproximation
wasusedwherea classconditionalmodelwasdesignedfor each­ ,¶µ using ¯ "#� � ® $ ­ ,·µ '¸² ¯ "#� � ®1' . In thework reported
herein,we designedasingleglobaldiscriminative structurefor all
classconditionalmodelsusing ¯ "#� � ® $ ­±'.² ¯ "#� � ®1' , represent-
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Fig. 3. Discriminative mutualinformationasa functionof parent
featureposition¹ andtimelag. Features¡ ������� ¢�º are � 	 ��������� � 	@� ;
next is �%» andthenlog-energy. Thepatternrepeatsfor deltasand
double-deltas.Q rangedover word values.

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

4. EXPERIMENT AL RESULTS

4.1. Corpora

Our experimentalresultsfocuson theAurora2.0continuousdigit
recognitiontask [9]. The Aurora databaseconsistsof TIDigits
data,which hasbeenadditionallypassedthoughtelephonechan-
nel filters, andsubjectedto a varietyof additive noises.Thereare
eightdifferentnoisetypesrangingfrom restaurantto train-station
noise,andSNRsfrom -5dB to 20dB. For training, we usedthe
“multi-condition” setof 8440utterancesthat reflectthevarietyof
noiseconditions. We presentaggregateresultsfor testsetsA,B,
andC, which total about70,000testsentences[9].

We processedthe Aurora datain two significantly different
ways. In the first, we usedthe standardfront-endprovided with
thedatabaseto produceMFCCs,includinglog-energy and �%» . We
thenappendeddeltaanddouble-deltafeaturesandperformedcep-
stralmeansubtraction,to form a42dimensionalfeaturevector. In
thesecondapproach,we computedAM (Amplitude Modulation)
andFM (Frequency Modulation)features1. Thesearecomputed
by dividing thespectruminto º¼¡ equallyspacedbandsusingmul-
tiple complex quadraturebandpassfilters. For eachneighboring
pairof filters,thehigher-bandfilter outputis multipliedby thecon-
jugateof thelower-bandoutput.Theresultis low-passfilteredand
sampledevery 10ms.TheFM featuresarethesineof theangleof
thesampledoutput,andtheAM featureis thelog of therealcom-
ponent.Althoughweexpectthatthesefeaturescouldbeimproved
by further processing(e.g. cosinetransform,meansubtraction,
derivative-concatenation)we usedtheraw featuresto provide the
maximumcontrastwith MFCCs.

4.2. Mutual Inf ormation Measures

Thefirst stepof ouranalysiswasacomputationof thediscrimina-
tive mutualinformationbetweenall possiblepairsof conditioning

1We thankY. Brandmanof Phonetact,Inc. for providing this technol-
ogy.
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Fig. 4. Inducedconditioningrelationshipsfor thesystemof Figure
3. Thestrengthof theEAR measureis indicatedby the thickness
of thelines.Thefeatureorderingis asin Figure3,so �%» is the13th
row. Eachfeaturepositionwasconditionedononeotherentry.

variables. Although we could computethis for hiddenvariables
aswell asobservations,for expediency andsimplicity we focused
onconditioningbetweenobservationcomponentsalone.Thus,the
structureswe presentlaterareessentiallyexpandedviews of con-
ditioningrelationshipsamongtheindividualentriesof theacoustic
featurevectors(seeFigure2).

Considerthemutualinformationbetweenobservationcompo-
nents�1§n¨ and � £ 0 . We visualizetheEAR measureby plotting it
asa function of either ¤ or ¹ , andthe lag ¦%²¬© . In Figure3, we
presentdiscriminative mutual informationasa function of ¹ and
the time lag, for a systembasedon whole-word models. Inter-
estingly, Figure3 shows thatdiscriminative mutualinformationis
strongestwhen �%» or log-energy aretheparentfeatures,andthis
is trueon averagefor all children ¤ (notethat the featuresareor-
deredso that theseappearafter � 	 ²½� 	@� , i.e. in the middle of
the plot). Moreover, informationis strongestat a syllable-length
lag of 100-150ms.The deltasof thesequantitiesarealsohighly
informative.

4.3. Induced Structur es

Usingthemethodof Section3, we inducedconditioningrelation-
shipsusingboth MFCCsandAM-FM features.In Figure4, we
show theinducedstructurefor anMFCC systembasedon whole-
word models,andusingQ-valuescorrespondingto words in the
EAR measure.As expected,thereis conditioningbetween� » and
its valuemorethan100mspreviously.

In a secondsetof experiments,we usedtheAM-FM features
aspossibleconditioningparentsfor theMFCCs;theinducedcon-
ditioning relationshipsareshown in Figure5. Thefirst 42 features
are the MFCCs; theseare followed by AM features,andfinally
the FM features. This graphindicatesthat FM featuresprovide
significantdiscriminative informationabouttheMFCCs.

4.4. Word Err or RateResults

To validateour structure-learningmethods,we built baselinesys-
tems(with GMTK emulatinganHMM), andthenenhancedthem
with discriminative structure.Althoughwe built bothwhole-word
andshared-phonesystems,we describeonly our bestresultshere,
whichwerefrom thewhole-word system.Our resultswith phone-
basedsystemswerequalitatively identical.
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Fig. 5. Inducedconditioningrelationshipsfor AM-FM features.
Q rangedover word-statevalues. MFCC featuresareat the bot-
tom, followed by AM, and thenFM features. EachMFCC was
conditionedonup to two parents.

clean 20 15 10 5 0 -5
GMTK 99.2 98.5 97.8 96.0 89.2 66.4 21.5
HP 98.5 97.3 96.2 93.6 85.0 57.6 24.0

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

Thebaselinewhole-wordsystemis quitesimilar to thatspeci-
fied in [9]: eachof the11 vocabulary wordshas16 states,with no
parametertying betweenstates. Additionally, silenceandshort-
pausemodelswereused,with threesilencestatesandthemiddle
statetied to short-pause.All modelswerestrictly left-to-right,and
used4 Gaussiansperstatefor a totalof 715Gaussians.

In Table1 weshow theabsoluterecognitionratesfor ourbase-
line systemas a function of SNR, averagedacrossall test con-
ditions. Also presentedis the publishedbaselineresult [9] with
a systemthat hadsomewhat fewer (546) Gaussians;we seethat
GMTK performscompetitively when it emulatesan HMM. (We
used4 Gaussiansperstateratherthan3 becausewe useda split-
ting processthatdoublesthenumberaftereachsplit.)

Table2 presentsthe relative improvementin word-error-rate
for severalstructure-inducedsystems.Thereareseveral thingsto
note. The first is that significantimprovementswereobtainedin
all cases.Thesecondis thatstructureinductionsuccessfullyiden-
tified thesynergistic informationpresentin theAM-FM features,
andresultedin a significantimprovementover raw MFCCs. The
final point is that when we increasedthe size of a conventional
systemto thesamenumberof parameters,performancewasmuch

clean 20 15 10 5 0 -5
WWS 16.3 19.3 14.2 10.5 9.85 19.0 12.6
AMFM 10.4 9.73 6.91 4.29 7.05 17.4 15.5
WW 7.16 7.02 5.51 5.93 5.05 16.0 15.0
EP 18.9 6.56 14.7 10.7 7.16 5.09 1.20

Table 2. Percentword-error-rate improvement for structure-
inducedsystems.WWS is a systemwhereQ rangesover states;
AMFM conditionsMFCCsonAM-FM features;In WW, Q ranges
over words; andEP is a straightGaussiansystemwith twice as
many Gaussiansasthebaseline.For theWW andWWS systems,
oneparentper featurewasused;in theAMFM case,two parents.
EPhasthesamenumberof parametersasWW andWWS.

worsein highnoiseconditions.Thus,structureinductionimproves
performancein a robustway.

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
structurallydiscriminativegraphicalmodels.Wefoundsignificant
improvementsof 10-15%ontheAurora2.0recognitiontask,using
bothMFCCsandnovel AM-FM features.Weexpectthatdiscrim-
inative structure learning techniqueswill be a goodcomplement
to traditionaldiscriminative parameterlearningmethods.

Thiswork waspartiallysupportedby NSFGrantIIS-0097467
and DARPA contracts N66001-99-2-8916and N66001-99-2-
892403.
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