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ABSTRACT

In this paperwe applyBayesiannetworksto the problem
of voicemail transcription. We usea Bayesiannetwork
systemto testa varietyof probabilisticmodelsthatmodel
acousticcontext in additionto phoneticstateandacoustic
observations.Weusea context variablethathastheability
to modelcontextualphenomenathatarenot impliedby the
linguistic sequenceof phones(e.g. noiselevel or speech
rate). In rescoringexperiments,we areableto geta slight
gain over a morestandardsystemwith a similar number
of parameters.We obtainedthebestperformanceby con-
ditioning the mixture coefficientson context, thus imple-
mentinga state-wisetied mixturesystem.In anutterance-
clusteringsystem,analysisof the learnedparametersindi-
catesthatthecontext variableis highly correlatedwith ���
and ��� .

1. INTR ODUCTION

TheBayesiannetworkformalismcombinesagraphical
wayof representingprobabilisticmodelswith a setof very
generalalgorithmsfor computingwith thesemodels[6].
BayesiannetworksgeneralizeHMMs in allowing arbitrary
setsof variables- with arbitraryconditioningrelationships
- to beassociatedwith eachtime frame,while at thesame
timesupportingfunctionsanalogousto thosewhichrender
HMMs useful,particularlyEM andViterbi decoding. A
key advantageof Bayesiannetworksis thatthealgorithms
aregeneral,so it is not necessaryto derive new formulae
or write new codefor eachnew specialcase.Examplesof
ideasfound in the literaturewhich have a straightforward
representationasBayesiannetworksincludeprobabilistic
stateclassification[4], discreteHMM mixtures [7], and
parallel model combination[1]. When the model under
study hasa highly factoredstaterepresentation,i.e. as-
sociatesseveral variableswith eachframeandconditions
eachon only a small subsetof the others,Bayesiannet-
work algorithmsalsotakeadvantageof theseconditional
independencerelationsto speedup the computations;[2]
discussescaseswhereexponentialspeedupsarepossible.

Previous work [10, 9, 8] applieda Bayesiannetwork
systemto largevocabulary isolatedword recognitionwith
significantimprovementsin accuracy. Thatwork,however,
useddiscreteoutputdistributionsandfocusedon isolated
words.In this paper, wedescribea Bayesiannetworksys-
tem with continuousoutput distributions, andapply it to

Thiswork wassupportedby DARPA GrantMDA972-97-C-0012.

rescoringN-bestlists generatedby a LVCSRsystem.We
find that it is possibleto getsmallbut not statisticallysig-
nificantimprovementsin accuracy, andthatwhenusedfor
utteranceclustering,thesystemprimarilydistinguishesbe-
tweenhighandlow valuesof ��� .

2. BAYESIAN NETWORKS

2.1. Definition

A Bayesiannetworkis a directedacyclic graphthatspeci-
fiesaprobabilitydistributionoverasetof randomvariables
[6]. Eachnodein thegraphcorrespondsto a variable,and
thearcsthatareincidentonanodeindicatethevariableson
whichit is conditioned.Wereferto node��� ’spredecessors
in thegraphasits parents,andto thevaluesof thesevari-
ablesas 	�
���
�������������� . The joint probability of a set of
variablevaluesis factoredas:

	�������� �"!��$#$#%#&� ��'(�*),+ � 	������.- 	�
���
/�����������0�0�/#
Associated with each node in the graph is a con-
ditional probability function that returns the value of	������/- 	�
���
/�����������1�0� for all possiblevaluesof ��� andits
parents.In a fully discretesystem,this canbedonewith
simpletable-lookup.In asystemwhere� � is arealvalued
featurevector, a mixture of Gaussianscan be used. The
last importantconceptis thedistinctionbetweenanobser-
vationvariable- whosevalueis given- anda hiddenvari-
able- whosevalueis unknown. Thetopologiesrequiredto
do speechrecognitionwith Bayesiannetworkshave been
treatedin [8, 10,9].

2.2. Algorithms

In this sectionwe presenta thumbnail sketchof the al-
gorithms for computingthe probability of a set of ob-
servations, the likeliest values for the hidden variables
(Viterbi decoding),marginal distributionsfor the hidden
variables,and EM. We presentthem in termsof a fully
discretesystem,and then statethe changesthat arenec-
essaryto accommodatecontinuousobservation variables.
The algorithmsare definedin termsof a tree-structured
network.Generalnetworksarehandledin a two-steppro-
cessthatconvertsanon-treestructurednetworkinto atree-
structuredonethat representsthe sameprobability distri-
bution.

We refer to the observed variablevaluesasevidence,
andconsidera three-waypartitioningof theevidencewith
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Figure1: A treeof variables.Thepartitioningof the evi-
denceis shown for 2�3 .
respectto eachvariable 2 3 . The evidencepertainingto2 3 itself is referredto as 4%53 , andis thevalueof 2 3 when
known, andthe empty-setwhen 2�3 is hidden. Thesetof
observedvaluesfor thevariablesin thesubtreesrootedin2�3 is 4�63 , andtheremainderof theevidenceis 4$73 (seeFig-
ure1). Becausethevariablesareconnectedin a treestruc-
ture, the probability of all the evidence,andvariable 2�3
takingvalue 8 , is:9�: 4 73<; 4 63=; 4 53 ; 2 3?> 8�@ >9": 4$73 ; 2 3?> 8�@ 9�: 4�63 ; 4%53BA 2 3?> 8�@�C
This leadsto a naturalfactorization,andin the inference
procedurethe following two key quantitieswill be calcu-
latedfor eachvariable2�3 :DFE 3G > 9�:�H 63=; H 53 A 2�3 > 8�@

DJI 3G > 9�:�H 73 ; 2�3 > 8�@ .
It followsfrom thesedefinitionsthatfor any variable2�3 ,D 9�:1K�L�M 4�N�OQP�R0SUT$V M @ >,W G E 3GYX I 3G .

D 9�: 2�3 > 8 A K�L�M 4/N�OZP�R0S1T$V M @ > [�\]0^ _ \]W ] [ \] ^0_ \] .

Therecursionsfor computingthe E s and I s aregener-
alizationsof the ` and a proceduresfor HMMs, andsum
overall thehidden-variableassignmentsthatareconsistent
with theevidence,in thesamewaythatthestandardrecur-
sionssumover all possiblepathsthroughan HMM. The
sumsareexpressedin termsof b Kdce: 4%53 @ , which refersto
thevaluesfor 2�3 thatareconsistentwith 4$53 . When 2�3 is
a singlevariable,b Kdce: 4 53 @ eithercontainsall its possible
values(whenhidden)or just one(whenobserved). In sec-
tion 2.2.1,weconsiderthemoregeneralcaseof composite
variableswhosevaluesrangeover theCartesianproductof
asetof constituentvariables.In thiscase,b Kfce: 4$53 @ refers
to thesetof cross-productvaluesthatareconsistentwith all
knownconstituentvalues.Figure2 presentstherecursions.
Finding the likeliest assignmentof valuescanbedoneby
replacingthesumsby maximizations,analogousto Viterbi
decodingwith anHMM.

Algorithm Inference()
for eachvariable2 3 in postorder

if 2�3 is a leafE 3G >hg ; 8jikb Kdcl: 4$53 @/mE 3G >on ; T/R�p�4�N�qYS M 4�C
elseE 3G >rts&uvs0w 3yx{z}|.~������ \�� W�� E s� X 9": 2 s >o� A 2 3*> 8�@ ;8�i�b Kfce: 4$53 @/mE 3G >on ; T/R�p�4�N�qYS M 4�C

for eachvariable2�3 in preorder
if 2 3 is therootI 3G > 9�: 2 3?> 8�@
else

let 2d� betheparentof 2 3I 3G >,W�� u������ �y~ �� �
9�: 2 3?> 8 A 2<� > OQ@ X I � � Xr�� u � 3y�1x 3��Z� � ��� \ � W � E �� X 9�: 2 � >,� A 2d� > OZ@

Figure2: Inferencein atree.

2.2.1. General Graphs

Inferencein non-tree-structuredgraphssuchasthatin Fig-
ure 4 is doneby using a change-of-variablesto convert
thegraphinto anequivalenttree-structuredone.Eachnew
variablerepresentsasubsetof theold variables,andranges
overtheCartesian-productof itsconstituents.Thenew net-
work mustmeetthefollowing requirements[8]:

1. Eachoriginal variablemustbefoundalongwith its
parentsin at leastoneof the new variables,and is
saidto be“assigned”to onesuchvariable.

2. The new variablesmust be connectedin a tree-
structuresuchthat if anoriginal variableis foundin
two of the new variables,it is alsopresentin every
new variablealongthepathconnectingthetwo.

Figure3 illustratesan exampleof a generalgraph,anda
satisfactorytreeof compositevariables.

Conditionalprobabilitiesin thenew representationare
definedasfollows. Suppose��3 is the parentof � G in the
new tree.Let � bethesetof original variablesassignedto� G . Theconditionalprobability

9�: � G >�� A � 3�> V�@ (with� and V beingcross-productvalues)is definedas:D 0, if � G >�� and ��3 > V imply inconsistentvalues
for a sharedoriginalvariable.D rt� uv  9�:1¡ A 9 P�N�4�V�R M�:U¡ @0@ , with the valuesfor

¡
and

9 P�N�4/V�R M�:1¡ @ implied by � , if �£¢>¥¤ . (In this
case,V is not used.)D 1, otherwise.

If � G is the root, thereis no conditioningon � 3 , andonly
thelasttwo itemsarerelevant.

Theprobabilityof theobservationscanbecomputedas
in Figure2, using � s in placeof 2 s. It is alsopossible
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Figure3: A simplenon-treestructuredBayesiannet(top),
anda tree-structuredequivalent(bottom). Nodes¦�§0¨©§�ª
areassignedto theleft-mostcompositevariable,and « to
theright-most.In thiscasethetreehasnoside-branches.

to convert from thenew representationbackinto theorigi-
nal: let ¬�­ bethenew variableto which ®�­ is assigned.Let¯ ­° be the set of ¬ ’s cross-productvaluescorresponding
to underlyingvariableassignmentsthat include ®�­²±´³ .
Then µ�¶�®�­h±·³�¸ ¹�º�»$¼/½�¾Z¿�À0ÁUÂ$Ã�»$Ä£±ÆÅ�Ç*È�É*ÊË µ"¶�¬�­Ì±Í ¸ ¹�º�»$¼�½�¾Q¿�À0ÁUÂ$Ã�»$Ä . Proceduresfor findingvariablesubsets
andtreesthatsatisfythestatedrequirementscanbefound
in, e.g.,[6, 8].

2.2.2. EM

Let Î ­ °�Ï bethenumberof timesthatvariable® ­ hasvalue³ andits parentsarefound in the Ð th possibleconfigura-
tion. In EM, Ñ ­ °�Ï , theprobabilitythat ® ­ ±�³ giventhatits
parentshave instantiationÐ , is estimatedas Ò Ê Ë�ÓÅ Ë Ò Ê Ë�Ó [3].

In order to calculateÎ ­ °�Ï we proceedasfollows: Let ¬ ­
be the new variableto which ® ­ is assigned.Let Ô ­°�Ï be
the setof ¬ ­ ’s cross-productvaluescorrespondingto un-
derlying variableassignmentsthat include ® ­ ±Õ³ andµ�¿�½�¼�Ã�À�»�¶�®�­}ÄÖ±oÐ . Then

Î ­ °/Ï ± ×Ç*È�ØÙÊË�Ó µ"¶�¬ ­ ± Í ¸ ¹�º�»%¼/½�¾Z¿�À0Á1Â$Ã�»%Ä
Estimating Î ­ °/Ï from a collection of examplesrequires
summingtheindividualestimatesfor eachexample.

2.2.3. Continuous Observation Variables

The specialcaseof continuousvariablesis easyto deal
with whenthesevariablesarealwaysobserved,have only
discretevariablesasparents,andarenever themselvespar-
ents. It is analogousto the extensionof discreteHMMs
to continuous-valuedfeaturevectors. In this case,a vari-
ablevalue ³ is a real-valuedvector, andin Ú ­° and Û ­° it is
takento referto thesingleobserved(but continuous)value.
Sumsinvolving ³ reduceto a singleterm,andconditional
probabilitiesof the form µ�¶�®�­=±Ü³(¸ ®<Ýk±�¾QÄ canberep-
resentedwith Gaussianmixtures.In EM thecount Îf­ °/Ï is
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Figure4: Twoslicesof theBayesiannetwork.Hiddenvari-
ablesareunshaded,but shown with representative assign-
ments.

combinedwith the vector Þ to updatethe sumof first and
secondorderstatistics.

3. EXPERIMENT AL RESULTS

This sectionpresentsresultsfor a Bayesiannetworksys-
temusedto rescoretesthypothesesgeneratedby thestan-
dard IBM system. We presentresultsfor a development
set of 43 phone-mailmessageswith 1986 words, and a
testsetwith 86 messagesand6,925words. We generated
the100besthypothesesusingasystemwith approximately
100kGaussiansanda context-sensitive phonealphabetof
2709units. Acousticprocessingconsistedof computing
the first 13 cepstralcoefficients, their deltas,anddouble-
deltas.Thebaselinesystemis describedin moredetail in
[5]. For the testset, the error rateof the original system
- calculatedby alwaysselectingthe first hypothesis- is
43.67%.Thebestpossibleerrorrate- calculatedby always
selectingthehypothesiswith fewesterrors- is 40.75%.

Wepresentresultsfor fivedifferentnetworkstructures.
Thebasicnetworkstructureis shown in Figure4. Thecon-
ditional probabilitiesof theposition,transition,andphone
variableshavebeendescribedpreviously[10, 9, 8], anden-
surethatvariableassignmentscorrespondto valid segmen-
tationsof an utteranceaccordingto the phonesequence
specifiedby thetrainingor testinghypothesis.An observa-
tion vectoris modeledwith a singleGaussian.In orderto
createGaussian-mixtureoutputdistributions,wecondition
theobservationvariableonanexplicit mixturecomponent
variable.

The five variantswe studieddiffer in which variables
wereconditionedon a binarycontext variable:1) Theob-
servation variables;2) Mixture componentvariables;3)
Both; 4) Neither(emulatinganHMM); 5) Both, with the
auxiliary variableconstrainednot to switch valuesin the
courseof an utterance,thusimplementingutteranceclus-
tering.

If the samenumberof mixture componentsis used,
conditioningtheobservationvariableonthebinarycontext
variablewill doublethenumberof parameters.In orderto
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Figure5: Learningcurvesthatshow theworderrorrateas
afunctionof EM iterationnumber, onthedevelopmentset.

HMM Obs Mix Both Cluster Do
(4) (1) (2) (3) (5) Nothing
43.41% 43.42 43.34 43.42 43.36 43.67

Table1: Worderrorratesonthetestset,afterrescoringthe
top-100hypotheses.Sytemnumberis shownonthesecond
line. “Do Nothing” refersto selectingthefirst item on the
N-bestlist.

ensurea fair comparison,systems1, 3, and5 hadapproxi-
matelyhalf thenumberof mixturecomponents.Thesesys-
temshadabout48k Gaussians,while systems2 and4 had
44k. Learningcurvesonthedevelopmentsetarepresented
in Figure5. We seethatmostof thesystemsbegin to over-
train by four iterations,with the exceptionof the HMM
andmixture-onlysystems.Resultsonthetestsetusingthe
optimalnumberof EM iterations(determinedfrom thede-
velopmentset)arepresentedin Table1. The tied-mixture
systemdid best,thoughby a tiny margin.

Interestingly, the mixture-only systemis in essence
a tied-mixturesystemon the statelevel. In usual tied-
mixturesystems,all thestatessharethesamepoolof Gaus-
sians,anddiffer only in the mixture coefficients. In this
system,eachstatehasits own distinct pool of Gaussians,
but thevalueof thecontext variableselectsoneof two out-
put distributions,by choosingbetweenoneof two setsof
mixturecoefficients.

In order to interpretthe modelparameters,we exam-
inedthetwo setsof Gaussians- onefor eachauxiliaryvari-
ablevalue- andfoundasystematicpatternin theclustering
network(system5). In this case,oneof thesetsof Gaus-
sianstendedto have a systematicallylarger valuefor theß�à

mean.This is shown in Figure6. A similarpatternwas
foundfor

ß�á
.

4. CONCLUSION

We useda Bayesiannetworksystemto testseveral prob-
abilistic modelsthatdifferedin theway in which mixture
componentandobservationvariableswereconditionedon
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Figure 6: Top: Histogramsof the
ß�à

componentof the
Gaussianmeanswhen the context value is

à
(solid line)

and
á

(dashed).Bottom:Thedifference.Curvesarefor the
clusteringnetwork.

an auxiliary context variable. Overtrainingproved to be
a problemin the systemsin which the observationswere
directlyconditionedon thecontext. Conditioning themix-
turecomponentvariablealoneresultedin a state-wisetied
mixturesystem,andproducedasmall improvement.
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