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ABSTRACT
This paperdescribestheGraphicalModelsToolkit (GMTK),

an open source, publically available toolkit for developing
graphical-modelbasedspeechrecognitionand generaltime se-
ries systems. Graphicalmodelsare a flexible, concise,and ex-
pressive probabilisticmodelingframework with which one may
rapidly specifya vastcollectionof statisticalmodels.This paper
begins with a brief descriptionof the representationalandcom-
putationalaspectsof the framework. Following that is a detailed
descriptionof GMTK’s features,including a languagefor spec-
ifying structuresandprobability distributions, logarithmicspace
exact traininganddecodingprocedures,theconceptof switching
parents,anda generalizedEM training methodwhich allows ar-
bitrary sub-Gaussianparametertying. Taken together, thesefea-
turesendow GMTK with a degree of expressivenessand func-
tionality thatsignificantlycomplementsotherpublically available
packages.GMTK wasrecentlyusedin the 2001JohnsHopkins
SummerWorkshop,andexperimentalresultsaredescribedin de-
tail bothhereinandin a companionpaper.

1. INTR ODUCTION

Althoughthestatisticalapproachto patternclassificationhasbeen
an integral part of automaticspeechrecognition(ASR) for over
30 years,the generalparadigmis in no way exhausted. Today,
new andpromisingstatisticalmodelsareproposedfor ASR every
year. Sometimesonecansimulatethesenew modelsusinghidden
Markov model(HMM) toolkits,but in suchcasesthenew models
cannotstrayfar from the basicHMM methodology. More often,
a new modelrequiressignificantmodificationson top of existing
andalreadycomplex software. This is inefficient becausea large
amountof humaneffort mustbeplacedinto building new systems
withouthaving any guaranteesabouttheirperformance.Therefore
it is importantto develop anover-archingandunifying statistical
framework within which novel ASR methodscan be accurately,
succinctly, andrapidlyemployed.

Graphicalmodels(GMs) aresucha flexible statisticalframe-
work. With GMs,oneusesagraphto describeastatisticalprocess,
and therebydefinesoneof its most importantattributes,namely
conditionalindependence.BecauseGMsdescribetheseproperties
visually, it is possibleto rapidly specifya varietyof modelswith-
out mucheffort. Interestingly, GMs subsumemuchof thestatisti-
cal underpinningsof existing ASR techniques— no otherknown
statisticalabstractionappearsto have this property. For example,
it hasbeenshown thatthestandardHMM Baum-Welchalgorithm
is only aspecialcaseof GM inference[16]. More importantly, the
spaceof statisticalalgorithmsrepresentablewith a GM is enor-
mous;muchlarger thanwhat hasso far beenexploredfor ASR.
The time thereforeseemsripe to start seriouslyexaminingsuch
models.

Of course,thistaskisnotpossiblewithouta(preferablyfreely-
available and open-source)toolkit with which one may maneu-
ver through the model spaceeasily and efficiently. This paper

describesthe first versionof GMTK, an opensource,publically
available toolkit for developing graphical-modelbasedspeech
recognition systems. GMTK is meant to complementrather
thanreplaceotherpublically availablepackages— it hasunique
features,onesthat are different from both standardASR-HMM
[17, 2, 3] andstandardBayesiannetwork [1, 4] packages.

This paper provides an overview of GMTK, its notation,
algorithms,main features,and reportsbaselineGMTK results.
Research-relatedresultsaredescribedin detailin acompanionpa-
per [19] which describeshow GMTK wasusedin a recentJohns
Hopkins University summerworkshop. Section2 describesthe
main representationalability of graphicalmodelsincluding the
meaningsof graphs,factorizationof joint probabilitydistributions,
conditionalindependenceproperties,andparameterizations.The
sectionalsooutlinesthe many computationalbenefitsofferedby
GMs. Section3 describesthemain featuresof GMTK. Section4
providesbaselineresultson theAuroranoisyspeechcorpusin the
casewhenGMTK simulatesanHMM system.Additional results,
obtainedat therecentJHU workshopareincludedin thecompan-
ion paper[19]. Finally, Section5 discussesfuture plansfor the
toolkit.

2. REPRESENTATION AND COMPUTATION

Two primary benefitsofferedby graphicalmodelsincluderepre-
sentationalability andefficient algorithmsfor fastinference.This
sectionbriefly outlinesthemboth.

2.1. Representation

A graphicalmodel is a graph that representscertain properties
aboutsetsof randomvariables.Thenodesin thegraphcorrespond
to randomvariables,andtheedgesencodea setof conditionalin-
dependenceproperties. Thesepropertiesmay be usedto obtain
a numberof valid factorizationsof the joint probability distribu-
tion. Therearemany differenttypesof graphicalmodels,suchas
Bayesiannetworks (a type of directedgraphicalmodel),Markov
randomfields (undirectedmodels),causalmodels,chaingraphs,
andsoon. Eachtypehasitsown formalsemantics[14] for specify-
ing conditionalindependencerelations.Only alongwith its agreed
uponsemanticsdoesa GM preciselyspecifyconditionalindepen-
denceproperties.Variablesin a GM mayeitherbeobserved(their
valuesareknown), or hidden. The namehiddenMarkov model,
for example,resultsfrom therebeinga Markov chainconsisting
only of hiddenvariables.

Thefirst versionof GMTK usesthesemanticsof Bayesiannet-
works(BNs)[15,13]. Thismeansthatthegraphsaredirected,and
conditionalindependencepropertiesaredeterminedby thenotion
of “d-separation”[15]. Usingd-separationonemayreadoff condi-
tional independencestatementsfrom thegraphwhich hold for all
distributionsrepresentedby thegraph.Further, thejoint probabil-
ity distributionmaybefactoredastheproductof theprobabilityof
eachvariable’s value,giventhevaluesof its parentsin thegraph.



Speechis a time signal, and any GM intending to model
speechmust somehow take this into account. Accordingly, dy-
namic Bayesiannetworks (DBNs) [11] are Bayesiannetworks
which include directededgespointing in the direction of time.
Otherthanthe existenceof time-edges,DBNs have the samese-
manticsasotherBNs.

Thestructureof agraphicalmodelrepresentsthewayin which
a setof randomvariablesprobabilisticallyrepresentsnaturaland
artificial processes(suchastheexistenceof articulatoryor noise-
typevariables),andhow thesevariablesinteract(suchasan ����� or-
derMarkov chain,tree-baseddependencies,andsoon). Thestruc-
ture alsorepresentsconstraintson variablevaluesandsequences
of values(suchasvalid phone-sequencesin a speech-recognizer).
Theserepresentationalaspectsof graphicalmodelingaredetailed
in [18, 6].

Lastly, ASR is inherentlya problemof patternclassification,
and requiresstatisticalmodelsto discriminatebetweendifferent
speechutterances.Apart from discriminatively learnedmodelpa-
rameters(suchasmeans,variances,or transitionmatrices),graphi-
calmodelsareideallysuitedfor experimentingwith discriminative
structures[8, 19].

2.2. Computation

Probabilisticinference,suchasevaluating(or computingthemost
likely valueof) aconditionaldistribution,is thefoundationbehind
all statisticalcomputing.Graphicalmodelshave anassociatedset
of algorithmswhich performinferenceasefficiently aspossible.
Apart from describingthestructureof adomain,conditionalinde-
pendencecanleadto enormouscomputationalsavings whendo-
ing inference.For example,computingthequantity ������	 
�� could
be done the hard way ������	 
��������� ��������������	 
�� or the easy
way ������	 
������ � ������	 � �!� � ����	 �"�#������	 
� , the lattercaseassum-
ing independencerelationsmaking the computationprobabilisti-
cally valid. Graphicalmodelsuseinferencealgorithms(e.g.,the
junction-treealgorithm[15, 13] or thegeneralizeddistributedlaw
[5]) thatprovablycorrespondto valid calculationsonprobabilistic
equations.Thesealgorithmsessentiallydistributesummationsto
the right into productsasefficiently aspossible,asabove. There
aremany waysof doingthis,oneof which is usedin GMTK (and
describedin Section3.3).Otherapproachesforfeit exactinference
for thesake of speed,andresortinsteadto approximatemethods.
In any case,whenefficient andaccurateprobabilisticinferenceis
required,GMsprovide numerouspossibilities.

3. TOOLKIT FEATURES

GMTK hasanumberof featuresthatsupportawidearrayof statis-
tical modelssuitablefor speechrecognitionandothertime-series
data.GMTK maybeusedto producea completeASR systemfor
bothsmall-andlarge-vocabularydomains.Thegraphsthemselves
mayrepresenteverythingfrom N-gramlanguagemodelsdown to
Gaussiancomponents,andtheprobabilisticinferencemechanism
supportsfirst-passdecodingin thesecases.

3.1. Explicit vs. Implicit Modeling

In general,therearetwo representationalextremesonemay em-
ploy whenusingGMTK for an ASR system. On the onehand,
a graphmay explicitly representall the underlyingvariablesand
control mechanisms(suchassequencing)that arerequiredin an
ASR system[18]. We call this approachan “explicit representa-
tion” wherevariablescanexist for suchpurposesasword identi-
fication,numericalword position,phoneor phonemeidentity, the
occurrenceof a phonemetransition,andso on. In this case,the
structureof the graphexplicitly representsthe interestinghidden
structureunderlyinganASR system.On theotherhand,onecan

insteadplacemostor all of this control informationinto a single
hiddenMarkov chain,andusea singleintegerstateto encodeall
contextual informationandcontrol theallowablesequencing.We
call this approachan“implicit” representation.

As an example of thesetwo extremes,considerthe word
“yamaha”with pronunciation/y aam aahhaa/.Thephoneme/aa/
occursthreetimes, eachin differentcontexts, first precedingan
/m/, thenprecedingan /hh/, andfinally precedinga word bound-
ary. In an ASR system,it mustsomewherebe specifiedthat the
samephoneme/aa/may be followed only by oneof /m/, /h/, or
a word boundarydependingon the context — /aa/, for example,
maynotbefollowedby awordboundaryif it is thefirst /aa/of the
word. In theexplicit GM approach,thegraphandassociatedcon-
ditional probabilitiesunambiguouslyrepresenttheseconstraints.
In an implicit approach,all of the contextual information is en-
codedinto anexpandedsingle-variablehiddenstatespace,where
multiple HMM statescorrespondto thesamephoneme/aa/but in
differentcontexts.

The explicit approachis useful when modelingthe detailed
andintricatestructuresof ASR.It is ourbelief,moreover, thatsuch
anapproachwill yield improvedresultswhencombinedwith adis-
criminative structure[6, 8, 19], becauseit directly exposesevents
suchasword-endingsandphone-transitionsfor useasswitching
parents(seeSection3.4). The implicit approachis furtheruseful
in temperingcomputationaland/ormemoryrequirements.In any
case,GMTK supportsboth extremesandeverything in between
— a userof GMTK is thereforefree to experimentwith quite a
diverseandintricatesetof graphs. It is the taskof the toolkit to
derive anefficient inferenceprocedurefor eachsuchsystem.

3.2. The GMTKL SpecificationLanguage

A standardDBN [11] is typically specifiedby listing a collection
of variablesalongwith asetof intra-andinter-dependencieswhich
areusedto unroll thenetwork over time. GMTK generalizesthis
ability via dynamicGM templates.The templatedefinesa col-
lection of (speech)framesanda chunkspecifier. Eachframede-
claresanarbitrarysetof randomvariablesandincludesattributes
suchasparents,type(discrete,continuous),parametersto use(e.g.
discreteprobability tablesor Gaussianmixtures)and parameter
sharing. At the endof a templateis a chunkspecifier(two inte-
gers,$&%(' ) which dividesthetemplateinto a prologue(thefirst$*),+ frames),arepeatingchunk,andanepilogue(thelast -,).'
frames,where- is theframe-lengthof thetemplate).Themiddle
chunkof framesis “unrolled” until the dynamicnetwork is long
enoughfor a specificutterance.

GMTK usesa simple textual language(GMTKL) to define
GM templates.Figure1 shows the templateof a basicHMM in
GMTKL. It consistsof two frameseachwith a hiddenandanob-
served variable,anddependencesbetweensuccessive hiddenand
betweenobservedandhiddenvariables.

A templatechunkmayconsistof several frames,whereeach
framecontainsa differentsetof variables.Usingthis feature,one
caneasilyspecifymulti-rateGM networkswherevariablesoccur
over time at rateswhich arefractionally but otherwisearbitrarily
relatedto eachother.

3.3. Infer ence

GMTK supportsa numberof operationsfor computingwith arbi-
trary graphstructures,thefour mainonesbeing:

1. Integratingover hiddenvariablesto computethe observa-
tion probability: /.��0��1� �32 /.��04�657�

2. Finding the likeliest hidden variable values:�!8:9!;<�!
 2 /.��04��57�
3. Samplingfrom thejoint distribution /.��04��51�



frame: 0 {
variable : state {

type : discrete hidden cardinality 4000;
switchingparents : nil;
conditionalparents : nil using MDCPT("pi");

}
variable : observation {

type : continuous observed 0:38;
switchingparents : nil;
conditionalparents : state(0)

using mixGaussian mapping("state2obs");
}

}

frame: 1 {
variable : state {

type : discrete hidden cardinality 4000;
switchingparents : nil;
conditionalparents : state(-1)

using MDCPT("transitions");
}
variable : observation {

type : continuous observed 0:38;
switchingparents : nil;
conditionalparents : state(0)

using mixGaussian mapping("state2obs");
}

}

chunk 1:1;

Fig. 1. GMTKL specificationof an HMM structure.The feature
vector in this caseis 39 dimensional,andthereare4000hidden
states.Frame1 canbeduplicatedor ”unrolled” to createanarbi-
trarily long network.

4. Parameter estimation given training data =:0�>@? via
EM/GEM: �!8A9!;,�!
CB�D > /.��0�>(	 E��

A critical advantageof thegraphicalmodelingframework de-
rivesfrom thefactthatthesealgorithmswork with anygraphstruc-
ture,anda widevarietyof conditionalprobabilityrepresentations.
GMTK usesthe Frontier Algorithm, detailedin [18, 21], which
converts arbitrary graphsinto equivalent chain-structuredones,
and then executesa forwards-backwards recursion. The chain
structureis particularly advantageousbecauseit supportsbeam-
pruning in a very naturalway, allows deterministicrelationships
betweenvariablesto beimmediatelyidentifiedandexploited,and,
aswe seein the next section,allows for exact inferencein loga-
rithmic space.

3.3.1. LogarithmicSpaceComputation

In many speechapplications,observation sequencescanbe thou-
sandsof frameslong. Whentherearea dozenor sovariablesper
frame(as in an articulatorynetwork), the resultingunrollednet-
work mighthave tensof thousandsof nodes,andcliquesmayhave
millions of possiblevalues. A naive implementationof exact in-
ference,which storesall cliquevaluesfor all time,would resultin
(anobviously prohibitive) gigabytesof requiredstorage

To avoid this problem,GMTK implementsa recentlydevel-
opedprocedure[10, 20] that reducesmemoryrequirementsex-
ponentiallyfrom F.�G-H� to F.��IKJ�LM-H� . This reductionhasa truly
dramaticeffect on memoryusage,andcanadditionallybe com-
binedwith GMTK’s beam-pruningprocedurefor furthermemory
savings. The key to this methodis recursive divide-and-conquer.
With N -waysplits,thetotalmemoryusageis F.�ONPIKJ�L > -H� , andthe
runtimeis F.�G-QIKJ�L > -H� . Theconstantof proportionalityis related
to thenumberof entriesin eachclique,andbecomessmallerwith
pruning.For algorithmicdetails,thereaderis referredto [20].

3.3.2. GeneralizedEM

GMTK supportsboth EM andgeneralizedEM (GEM) training,
andautomaticallydetermineswhich to usebasedon the parame-
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Fig. 2. When ^_�`+ , a is b ’s parent,when ^c�&d , b is e ’s
parent. ^ is calleda switchingparent,and a and b conditional
parents.

ter sharingcurrently in use. GEM training is distinctive because
it provides a provably convergent methodfor parameterestima-
tion, evenwhenthereis anarbitrarydegreeof tying, evendown to
the level of Gaussianmeans,covariances,or factoredcovariance
matrices(seeSection3.6).

3.3.3. Sampling

Drawing variableassignmentsaccordingto the joint probability
distribution is useful in a variety of areasrangingfrom approxi-
mateinferenceto speechsynthesis,andGMTK supportssampling
from arbitrarystructures.Thesamplingprocedureis computation-
ally inexpensive, andcan thusbe run many times to get a good
distributionover hidden(discreteor continuous)variablevalues.

3.4. Switching Parents

GMTK supportsanothernovel featurerarelyfoundin GM toolkits,
namelyswitchingparentfunctionality(alsocalledBayesianmulti-
nets[8]). Normally, avariablehasonly onesetof parents.GMTK,
however, allows a variable’s parentsto change(or switch) condi-
tionedonthecurrentvaluesof otherparents.Theparentsthatmay
changearecalledconditionalparents,andtheparentswhich con-
trol theswitchingarecalledswitchingparents.Figure2 shows the
casewherevariable ^ switchesthe parentsof e betweena andb , correspondingto the probability distribution: /.�fe.	 ag��bh�i�/.�fe.	 aj�\^k�l+:��/.�f^m�n+"�!op/.�fe.	 bq�\^m�rd���/.�f^��3d�� . Thiscan
significantly reducethe numberof parametersrequiredto repre-
sentaprobabilitydistribution,for example,/.�fe.	 ag�6^k�n+"� needs
only a2-dimensionaltablewhereas/.�fe.	 aj�6bh� requiresathreedi-
mensionaltable.Switchingfunctionalityhasfoundparticularutil-
ity in representingcertainlanguagemodels,asexperimentsduring
theJHU2001workshopdemonstrated.

3.5. DiscreteConditional Probability Distrib utions

GMTK allows the dependency betweendiscretevariablesto be
specifiedin oneof threeways. First, they may be deterministi-
cally relatedusingflexible n-ary decisiontrees. This providesa
sparseandmemory-efficient representationof suchdependencies.
Alternatively, fully randomrelationshipsmay be specifiedusing
denseconditionalprobabilitytables(CPTs).In this case,if a vari-
ableof cardinality $ has ' parentsof the samecardinality, the
tablehassize $Qsht7u . Sincethis canget large,GMTK supportsa
third sparsemethodto specifyrandomdependencies.Thismethod
combinessparsedecisiontreeswith sparseCPTssothatzerosin a
CPTsimplydo notexist. Themethodalsoallows flexible tying of
discretedistributionsfrom differentportionsof a CPT.

3.6. Graphical ContinuousConditional Distrib utions

GMTK supportsa varietyof continuousobservationdensitiesfor
useasacousticmodels.Continuousobservationvariablesfor each
frame aredeclaredasvectorsin GMTKL, andeachobservation
vector variablecan have an arbitrarynumberof conditionaland
switchingparents.Thecurrentvaluesof theparentsjointly deter-
minethedistributionusedfor theobservationvector. Themapping



clean 20 15 10 5 0 -5
GMTK-WWM 99.2 98.5 97.8 96.0 89.2 66.4 21.5
GMTK-PH 99.1 98.3 97.2 94.9 86.4 54.9 2.80
HP 98.5 97.3 96.2 93.6 85.0 57.6 24.0

Table 1. Word recognitionrates: baselineGMTK emulatingan
HMM systemasfunctionof SNR.HP is from [12].

from parentvaluesto child distribution is specifiedusinga deci-
siontree,allowing asparserepresentationof thismapping.A vec-
tor observation variablespansover a region of the featurevector
at thecurrenttime. GMTK therebysupportsmulti-streamspeech
recognition,whereeachstreammay have its own setof observa-
tion distributionsandsetsof discreteparents.

Theobservationdistributionsthemselvesaremixturemodels.
GMTK usesa splitting andvanishingalgorithmduringtrainingto
learnthenumberof mixturecomponents.Two thresholdsarede-
fined,a mixture-coefficient vanishingratio (mcvr),anda mixture-
coefficient splitting ratio (mcsr). Undera v -componentmixture,
with componentprobabilities��> , if ��>gwr+"x(�Ovzy mcvr� , thenthe
N ��� componentwill vanish.If ��>j{ mcsrx�v , thatcomponentwill
split. GMTK alsosupportsforcedsplitting (or vanishing)of the$ most(or least)probablecomponentsat eachtraining iteration.
Sharingportionsof aGaussiansuchasmeansandcovariancescan
bespecifiedeitherby-handvia parameterfiles,or via a split (e.g.,
thesplit componentsmayshareanoriginal covariance).

Eachcomponentof a mixture is a generalconditionalGaus-
sian. In particular, the | -componentprobability is ����
7	 }"~"��|"�,�� ��
7	 b ~ } ~ o�� ~ �O} ~ ��o�� ~ �6� ~ � where
 is thecurrentobservation
vector, }:~ is a | -conditionedvectorof continuousobservationvari-
ablesfrom any observation streamandfrom the past,present,or
future, b�~ is anarbitrarysparsematrix, �:~A�O}"~�� is a multi-logistic
non-linearregressor, � ~ is a constantmeanresidual,and � ~ is a
diagonalcovariancematrix. Any of the above componentsmay
be tied acrossmultiple distributions,andtrainedusingthe GEM
algorithm.

GMTK treatsGaussiansasdirectedgraphicalmodels,andcan
therebyrepresentall possibleGaussianfactorizationorderings,
andall subsetsof parentsin any of thesefactorizations.Underthis
framework, GMTK supportsdiagonal,full, banded,andsemi-tied
factoredsparseinversecovariancematrices[9]. GMTK canalso
representarbitraryswitchingdependenciesbetweenindividual el-
ementsof successive observation vectors. GMTK thussupports
both linear andnon-linearburied Markov models[7]. All in all,
GMTK supportsanextremelyrich setof observationdistributions.

4. EXPERIMENT AL VALID ATION

This sectionvalidatesGMTK by producinga GMTK-basedASR
systemfor theAurora2.0noisydigits task[12]. While many more
resultsarereportedin acompanionpaper[19], wewish to demon-
strateherethat GMTK canproducecompetitive performanceon
a standardASR task. For all the resultspresentedhere,GMTK
emulatedanHMM usingtheexplicit modelingapproach,asmen-
tionedin Section3. Table1 presentsresultsfor systemsusingboth
whole-wordmodels(WWM), andshared-phonemodels(PH).The
whole-wordsystemwassimilarto thatoutlinedin [12], exceptthat
it used4 Gaussiansperstateratherthat3 for a total of 715Gaus-
sians.Our phonebasedsystemused203-statephones,anda total
of 710Gaussians.

5. CONCLUSIONS

This paperintroducesGMTK, a flexible open-sourcetoolkit for
working with graphicalmodelson speechand other time series
data. The toolkit was usedat the recentJHU2001workshopin

concertwith algorithmsfor producingdiscriminative graphstruc-
tures. GMTK supportsan enormousvariety of statisticalmod-
els,andthesecanberapidlyspecifiedandintegratedinto a speech
recognitionsystem.

Thefeaturesthataredescribedin thispapercorrespondto ver-
sion1.0of thetoolkit. Our intentionis to continueto improveboth
GMTK featuresandcomputationalefficiency. Laterversionswill
bereleasedwhich incorporateandsupportmany new features.
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