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ABSTRACT

In this paperwe apply Bayesiametworksto the problem
of voicemail transcription. We use a Bayesiannetwork
systemto testa variety of probabilisticmodelsthatmodel
acousticcontect in additionto phoneticstateandacoustic
obsenations.We usea contet variablethathasthe ability
to modelcontextual phenomenghatarenotimplied by the
linguistic sequencef phones(e.g. noiselevel or speech
rate). In rescoringexperimentswe areableto geta slight
gain over a more standardsystemwith a similar number
of parametersWe obtainedthe bestperformancey con-
ditioning the mixture coeficients on context, thusimple-
mentinga state-wisdied mixture system.ln anutterance-
clusteringsystem analysisof the learnedparameterindi-
cateshatthe context variableis highly correlatedwvith C0
andC1.

1. INTRODUCTION

TheBayesiametworkformalismcombinesagraphical
way of representingrobabilisticmodelswith a setof very
generalalgorithmsfor computingwith thesemodels[6].
BayesiametworksgeneralizéeHMMs in allowing arbitrary
setsof variables with arbitraryconditioningrelationships
- to beassociateavith eachtime frame,while at the same
time supportingunctionsanalogouso thosewhichrender
HMMs useful, particularly EM and Viterbi decoding. A
key advantageof Bayesiametworksis thatthe algorithms
aregeneralsoit is not necessaryo derive new formulae
or write new codefor eachnew specialcase.Examplesof
ideasfoundin the literaturewhich have a straightforward
representatioas Bayesiametworksinclude probabilistic
stateclassification[4], discreteHMM mixtures[7], and
parallel model combination[1]. When the modelunder
study hasa highly factoredstaterepresentationi.e. as-
sociatesseveral variableswith eachframe andconditions
eachon only a small subsetof the others,Bayesiannet-
work algorithmsalsotake advantageof theseconditional
independenceelationsto speedup the computations{2]
discussesasesvhereexponentialspeeduparepossible.

Previous work [10, 9, 8] applieda Bayesiannetwork
systemto large vocalulary isolatedword recognitionwith
significanimprovementsn accurag. Thatwork, however,
useddiscreteoutputdistributionsand focusedon isolated
words. In this paper we describea Bayesiametworksys-
tem with continuousoutput distributions, and apply it to
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rescoringN-bestlists generatedy a LVCSR system.We
find thatit is possibleto getsmallbut not statisticallysig-
nificantimprovementsn accurag, andthatwhenusedfor
utterancelusteringthesystenprimarily distinguishebe-
tweenhigh andlow valuesof C0.

2. BAYESIAN NETWORKS

2.1. Definition

A Bayesiametworkis a directedagyclic graphthatspeci-
fiesaprobabilitydistributionover asetof randomvariables
[6]. Eachnodein thegraphcorrespond$o a variable,and
thearcsthatareincidentonanodeindicatethevariableson
whichit is conditioned Wereferto nodeX;’spredecessors
in the graphasits parentsandto the valuesof thesevari-
ablesas Parents(X;). Thejoint probability of a setof
variablevaluesis factoredas:

P(X1,X,...,X,) = [ P(X:|Parents(X;)).

Associated with each node in the graph is a con-
ditional probability function that returns the value of
P(X;|Parents(X;)) for all possiblevaluesof X; andits
parents.In afully discretesystem this canbe donewith
simpletable-lookup.n asystemwhereX; is arealvalued
featurevector a mixture of Gaussiangan be used. The
lastimportantconcepts the distinctionbetweeranobser
vationvariable- whosevalueis given- anda hiddenvari-
able- whosevalueis unknovn. Thetopologiesrequiredto
do speechrecognitionwith Bayesiannetworkshave been
treatedn [8, 10,9].

2.2. Algorithms

In this sectionwe presenta thumbnail sketchof the al-
gorithms for computingthe probability of a set of ob-
senations, the likeliest valuesfor the hidden variables
(Viterbi decoding),maginal distributionsfor the hidden
variables,and EM. We presentthemin termsof a fully
discretesystem,andthen statethe changeghat are nec-
essaryto accommodateontinuousobsenration variables.
The algorithmsare definedin termsof a tree-structured
network. Generahetworksarehandledn atwo-steppro-
cesghatconvertsanon-treestructurechetworkinto atree-
structuredonethat representshe sameprobability distri-
bution.

We referto the obsenred variablevaluesas evidence,
andconsidera three-waypartitioningof the evidencewith
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Figurel: A treeof variables.The partitioningof the evi-
dences shown for X;.

respectto eachvariable X;. The evidencepertainingto
X; itself is referredto ase?, andis the valueof X; when
known, andthe empty-setwhen X; is hidden. The setof
obsenedvaluesfor the variablesin the subtreesootedin
X; ise; , andtheremaindenof theevidenceis e} (seeFig-
urel). Becauseahevariablesareconnectedn atreestruc-
ture, the probability of all the evidence,and variable X;
takingvaluey, is:
P(ejyei_ye?xXi :.7) =
P(ef, X; = j)P(e; , €]|X: = j).
This leadsto a naturalfactorization,andin the inference
procedurehe following two key quantitieswill be calcu-
latedfor eachvariableX;:

(z’ 1|X_.7)

. 7r§» = P(e}, X; = j).

.A;:

It follows from thesedefinitionsthatfor ary variableX;,
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Therecursiondor computingthe As and=s aregener
alizationsof the o« andg proceduregor HMMs, andsum
over all thehidden-\ariableassignmentthatareconsistent
with theevidence,in the sameway thatthe standardecur
sionssum over all possiblepathsthroughan HMM. The
sumsareexpressedn termsof CON (e?), whichrefersto
the valuesfor X; thatareconsistentvith ef. WhenX; is
asinglevariable, CON (e?) elthercontamsill its possible
values(whenhldden)orJustone(whenobser‘ed). In sec-
tion 2.2.1,we considethemoregeneraktaseof composite
variablesvhosevaluesrangeoverthe Cartesiarproductof
asetof constituenvariables.In thiscase CON (e?) refers
tothesetof cross- produotaluesthatarecon5|stenW|th all
known constituentalues.Figure2 presentsherecursions.
Finding the likeliest assignmenbf valuescanbe doneby
replacingthe sumsby maximizationsanalogouso Viterbi
decodingwith anHMM.

e P(Observations) =

e P(X; = j|Observations) =

Algorithm Inferenc)
for eachvariableX; in postorder
if X; is aleaf
A; =1, j € CON(€d);
A; =0, otherwise.
else
)\i
Hchhzldren(X ) Ef AG * P(
j € CON(ed);

A; =0, otherwise.

= fIXi = 7),

for eachvariableX; in preorder
if X; istheroot
7= P(X;=3)

J
else
let X, betheparentof X;
= E'UGC'ON(eD) P(X; = j|Xp = v) * ] %

HsEszblzngs(X )Zf )‘f * P( leP - ’U)

Figure2: Inferencen atree.

2.2.1. General Graphs

Inferencen non-tree-structuregraphssuchasthatin Fig-
ure 4 is done by using a change-of-ariablesto corvert
thegraphinto anequwalenttree-structuredne. Eachnew
variablerepresenta subsebf theold variablesandranges
overtheCartesian-produdf its constituentsThenew net-
work mustmeetthe following requirement$8:

1. Eachoriginal variablemustbe found alongwith its
parentsin at leastone of the new variables,andis
saidto be“assigned’to onesuchvariable.

2. The naew variablesmust be connectedin a tree-
structuresuchthatif anoriginal variableis foundin
two of the new variablesiit is alsopresentin every
new variablealongthe pathconnectinghetwo.

Figure 3 illustratesan example of a generalgraph,anda
satisfactorytreeof compositevariables.

Conditionalprobabilitiesin the new representatioare
definedasfollows. Suppos€Y; is the parentof Y; in the
new tree.Let ¥V bethesetof original variablesassignedo
Y;. Theconditionalprobability P(Y; = m|Y; = n) (with
m andn beingcross-productalues)is definedas:

e 0,if Y; = m andY; = n imply inconsistenvalues
for asharedbriginal variable.

o [[y ey P(V|Parents(V)), with the valuesfor vV
and Parents(V) implied by m, if V # @. (In this
casepn isnotused.)

e 1, otherwise.

If Y; is theroot, thereis no conditioningon Y;, andonly
thelasttwo itemsarerelevant.

Theprobabilityof theobsenrationscanbe computedas
in Figure2, usingY s in placeof Xs. It is alsopossible



®
® ©
©

®E\ 6 _®0
©/ @9 \©

Position

Transition

Phone

Mixture

Acoustic

Context

Figure3: A simplenon-treestructuredBayesiamet(top),
anda tree-structure@quialent(bottom). NodesA, B, C
areassignedo theleft-mostcompositevariable,and D to
theright-most.In this casethetreehasno side-branches.

to convertfrom thenew representatiobackinto theorigi-
nal: let Y; bethenew variableto which X; is assignedLet
ij' be the setof Y’'s cross-productaluescorresponding
to underlyingvariableassignmentshat include X; = j.
Then P(X; = j|Observations) = Ewer‘ PY; =
w|Observations). Proceduresor finding variablesubsets
andtreesthatsatisfythe statedrequirementganbefound
in, e.g.,[6, 8].

222. EM

Let N;;, bethenumberof timesthatvariableX; hasvalue
j andits parentsarefound in the kth possibleconfigura-
tion. In EM, 6;;«, theprobabilitythat X; = j giventhatits
parentshave instantiationk, is estimatedas ENiJ; [3].

ik
In orderto calculateN;;, we proceechsfoIIOV\J/s: LetY;
be the new variableto which X; is assigned.Let V§k be
the setof ¥;'s cross-productaluescorrespondingo un-
derlying variable assignmentghat include X; = j and
Parents(X;) = k. Then

Nijx = Z P(Y; = w|Observations)
wGV;k

Estimating N;;, from a collection of examplesrequires
summingtheindividualestimategor eachexample.

2.2.3. Continuous Observation Variables

The specialcaseof continuousvariablesis easyto deal
with whenthesevariablesare alwaysobsered, have only
discretevariablesasparentsandarenever themselespar
ents. It is analogoudo the extensionof discreteHMMs
to continuous-aluedfeaturevectors. In this case,a vari-
ablevaluej is areal-aluedvector andin X} and? it is
takento referto thesingleobsened(but continuousyalue.
Sumsinvolving j reduceto a singleterm,andconditional
probabilitiesof theform P(X; = j|X, = v) canberep-
resentedvith Gaussiarmixtures.In EM thecountN;;y is

Figure4: Two slicesof theBayesiametwork.Hiddenvari-
ablesareunshadedbut shavn with representate assign-
ments.

combinedwith the vectorj to updatethe sumof first and
secondrderstatistics.

3. EXPERIMENT AL RESULTS

This sectionpresentgesultsfor a Bayesiannetwork sys-
temusedto rescorgesthypothesegeneratedy the stan-
dard IBM system. We presentresultsfor a development
setof 43 phone-mailmessagesvith 1986 words, and a
testsetwith 86 messageand6,925words. We generated
the100besthypothesessingasystenmwith approximately
100k Gaussiansinda context-sensitve phonealphabebf
2709 units. Acoustic processingconsistedof computing
the first 13 cepstralcoeficients, their deltas,and double-
deltas. The baselinesystemis describedn moredetailin
[5]. For thetestset,the error rate of the original system
- calculatedby alwaysselectingthe first hypothesis- is
43.67%.Thebestpossibleerrorrate- calculatedy always
selectinghe hypothesiith fewesterrors- is 40.75%.

We presentesultsfor five differentnetworkstructures.
Thebasicnetworkstructurds shavn in Figure4. Thecon-
ditional probabilitiesof the position,transition,andphone
variableshave beendescribegreviously[10, 9, 8], anden-
surethatvariableassignmentsorrespondo valid sggmen-
tationsof an utteranceaccordingto the phonesequence
specifiedoy thetrainingor testinghypothesisAn obsena-
tion vectoris modeledwith a singleGaussianln orderto
createGaussian-mixtureutputdistributions,we condition
the obsenationvariableon an explicit mixture component
variable.

The five variantswe studieddiffer in which variables
wereconditionedon a binary context variable: 1) The ob-
senation variables;2) Mixture componentvariables; 3)
Both; 4) Neither(emulatingan HMM); 5) Both, with the
auxiliary variable constrainechot to switch valuesin the
courseof an utterancethusimplementingutteranceclus-
tering.

If the samenumberof mixture componentss used,
conditioningthe obsenationvariableon thebinary context
variablewill doublethe numberof parametersln orderto



37.4 T
_'dev_hmm" —

——="dev_mix_only"
"dev_obs_only" ----- 4
"dev_both"
"dev_cluster" -~

0 1 2 3 4 5 6

Figure5: Learningcurvesthatshav theword errorrateas
afunctionof EM iterationnumberonthedevelopmentet.

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

Tablel: Worderrorratesonthetestset,afterrescoringhe
top-100hypothesesSytemnumberis shovn onthesecond
line. “Do Nothing” refersto selectingthefirst item on the
N-bestlist.

ensurea fair comparisongystemsl, 3, and5 hadapproxi-
matelyhalf thenumberof mixturecomponentsThesesys-
temshadabout48k Gaussianswhile systems and4 had
44k. Learningcurvesonthe developmentsetarepresented
in Figure5. We seethatmostof the systemsegin to over-
train by four iterations,with the exceptionof the HMM
andmixture-onlysystemsResultsonthetestsetusingthe
optimalnumberof EM iterations(determinedrom the de-
velopmentset) arepresentedn Tablel1. The tied-mixture
systermdid best,thoughby atiny magin.

Interestingly the mixture-only systemis in essence
a tied-mixture systemon the statelevel. In usualtied-
mixturesystemsall thestateshareghesamepool of Gaus-
sians,and differ only in the mixture coeficients. In this
system eachstatehasits own distinct pool of Gaussians,
but thevalueof thecontext variableselectoneof two out-
put distributions, by choosingbetweenone of two setsof
mixture coeficients.

In orderto interpretthe model parametersye exam-
inedthetwo setsof Gaussiansonefor eachauxiliary vari-
ablevalue- andfoundasystematigatternin theclustering
network(systemb). In this case,oneof the setsof Gaus-
sianstendedto have a systematicallylarger valuefor the
C0 mean.Thisis shavnin Figure6. A similar patternwas
foundfor C1.

4. CONCLUSION

We useda Bayesianmetworksystemto testseveral prob-
abilistic modelsthat differedin the way in which mixture
componenandobsenationvariablesvereconditionedon
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Figure6: Top: Histogramsof the C0 componenbf the
Gaussiarmeanswhen the context valueis 0 (solid line)
and1 (dashed)Bottom: Thedifference Curvesarefor the
clusteringnetwork.

an auxiliary contect variable. Overtrainingproved to be
a problemin the systemsn which the obsenationswere
directly conditionedon the context. Conditioning the mix-
ture componentariablealoneresultedin a state-wisdied
mixture systemandproduceda smallimprovement.
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