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Automaticmodelcomplexitycontrol

•MostLVCSRsystemsaretrainedonlargeamountsofdata.

•Manytechniquesaltersystemcomplexityandrecognitionperformance.

–Stateclustering
–StatedistributionsofGaussianmixtures
–Adaptationtransformssharing
–Dimensionalityreductionschemes

•Aimingatoptimizingcomplexitytominimizeworderrorrateforunseendata.

•Infeasibletotrainandevaluateindividualsystems’performance.

•Needautomaticcriteriontoquicklypredictperformanceranking.
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Systemcomplexityweareoptimizing

•TwosystemcomplexityattributesofHLDAsystems:

–ComplexityofstatepdfintermsofnumberofGaussians.
–Retainedsubspacedimensionality.

•Initialaim:optimizingsystemcomplexityongloballevel:

–Possibletoexplicitlyevaluatevariouscomplexitycontrol.criteria
–FeasibletoobtainWERrankingforcriterionevaluation.

•Finalaim:optimizingsystemcomplexityonlocallevel:

–ComplexityofstatepdfintermsofnumberofGaussians.
–Transformclassspecificretainedsubspacedimensionality.

•CandidatestructurestobetrainedusingMLonlyduringcomplexitycontrol.
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MultipleHeteroscedasticLDA(HLDA)
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•Featurespacediagonalizingand
locallytiedprojectiontransforms.

•Allowtoincorporatehigherorder
dynamicfeatures.

•IterativeEMbasedoptimization,
successfullyappliedtoLVCSRtasks.

•Needtodeterminelocalretained
dimensionalityformultipleHLDA.
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Existingcomplexitycontrolcriteria

•ExplicitlytrainupindividualsystemsandaccessWER.

•Validationtestusingheld-outdatalikelihood.

–Sufficientlylargeandrepresentativeenough.
–Furtherreducingtheamountoftrainingdataavailable.
–Infeasibletobuildindividualsystemsforcriterionevaluation.

•Bayesianevidenceintegration,assumingitsstrongcorrelationwithheld-out
datalikelihood.

M̂=argmax
M

P(M)

∫

FML(Θ,M)p(Θ|M)dΘ

•Informationtheoryapproaches.

•Fittingcomplexityproportionaltoamountoftrainingdata,eg.VarMix
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Approximationschemesforevidenceintegration

•BayesianInformationCriterion(BIC):

logp(O|M)≈logp(O|Θ̂,M)−ρ×
k

2
logT

ρ>1.0forpenalizedBIC.Notsuitableforoptimizingmultiplecomplexity
attributes(seeICASSP03Liu,Gales&Woodland).

•Laplaceapproximation:

logp(O|M)≈logp(O|Θ̂,M)−
1

2
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•VariationalApproximation:

logp(O|M)≥

∫

∑

Ψ∈{Ψ}

P(Ψ,Θ)log
p(O,Ψ,Θ|M)

P(Ψ,Θ)
dΘ

•MarkovChainMonteCarlo(MCMC)samplingschemes.
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LaplaceapproximatedBayesianevidence
∫

f(x)dx≈
(2π)

d
2f(x̂)

|−∇2
xlogf(x̂)|

1
2

•Gaussianapproximationoflikelihood
localcurvatureintheparametric
space.

•Computationallytractablelower
boundneededtoapproximatetrue
loglikelihood.

•UsingblockdiagonalHessianmatrix
toreducecomputation.

PSfragreplacements
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EMlowerboundofBayesianEvidence

•EMlowerboundofMLcriterioncanbeexpressedas

logFML(Θ,M)≥logp(O|Θ̃,M)+QML(Θ,Θ̃)−QML(Θ̃,Θ̃)

=LML(Θ,Θ̃)

•Evidencemaythenbeapproximatedas.

M̂=argmax
M

∫

exp
(

LML(Θ,Θ̃)
)

p(Θ|M)dΘ

•Laplaceapproximationcanbeusedtoapproximatetheintegral.

•Multiplemodelstructuresmaysharethesamesetofstatistics.

•Relatedtovariationalapproximation.
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IssueswithMLparadigm

75globalHLDAsystemsbuiltwithvaryingretaineddimensionality{28,...,52}
andnumberofGaussians{12,16,24}ona68hourCTSh5etrain00suband
54kLM2002trigramfulldecodingon3hourdevelopmentsetdev01sub.

•Nostrongcorrelationbetween
criteriaandWER.

•Considerablepredictionerror.

•Makingassumptionaboutmodel
correctness.

•Whynotusecriteriadirectlyrelated
torecognitionerror???−50−49−48−47−46−45−44−43
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Usingdiscriminativetrainingcriteria

•Moredirectlyrelatedtorecognitionerror.

•SuccessfullyappliedfortrainingLVCSRsystems.

•MaximumMutualInformation(MMI)criterionhasbeeninvestigated.

•MMIcriterionsensitivetooutliersutterances.

M̂=argmax
M

∫

FMMI(Θ,M)p(Θ|M)dΘ

•Inappropriatetodirectlymarginalize,highperformancerankingpredictionerror.
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MarginalizingMMIgrowthfunction

•MMIcriterionequivalenttoposteriorofreferencetranscriptionW.

FMMI(Θ,M)=P(W|O,Θ,M)

•MMIcriterionistransformedintoagrowthfunction,

G(Θ,M)=p(O|Θ,M)
(

CFML(Θ̃,M)+FMMI(Θ,M)−FMMI(Θ̃,M)
)

–Reducedsensitivitytooutliersutterances.
–RetaininggradientofMMIcriterionatcurrentparameterization.

•Cisapositiveconstantregularizationterm.
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MarginalizingMMIgrowthfunction

•AgeneralizedEMbasedgrowthfunctionlowerboundexists.

LMMI(Θ,Θ̃)=logG(Θ̃,M)+
QMMI(Θ,Θ̃)−QMMI(Θ̃,Θ̃)

∑

j,τγMMI
j(τ)

•Tractablegivensufficientdiscriminativestatistics,γ
MMI
j(τ)istheMMIhidden

variableoccupancy.

•Integratedoutintheparametricspaceforcomplexitycontrol.

M̂=argmax
M

∫

exp
(

LMMI(Θ,Θ̃)
)

p(Θ|M)dΘ

•LMMI(Θ,Θ̃)isastrongsenseauxiliaryfunctionforthegrowthfunction,buta
weaksenseauxiliaryfunctionfortheMMIcriterion.
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MarginalizingMMIgrowthfunction

•Verystrongcorrelationbetween
criterionandWER.

•Robustinoptimizingmultiplesystem
complexityattributes.

•Computationallycheaperbysharing
samesetofstatisticsamongmultiple
modelstructures.

•Predictedbestsystemonly0.2%
worsethantheactualbest.
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Recognitionperformancerankingpredictionerror

Idealcomplexitycontrolschemesrankallsystemscorrectly-simplemeasureof
rankingerroristhetotalpositionshiftsweightedbyWERdifferencesofmis-ranked
pairsofsystems.

RankErr%=

∑

i,jδ(wi,wj)×|wi−wj|×|i−j|

N×maxi,j{|wi−wj|}×maxi,j{|i−j|}

WERthreshold
0.00.10.2

Held-outLike8.948.898.19
Held-outMMI37.4037.4035.91

BIC(ρ=1)48.4348.3647.35
BIC(ρ=2)55.6855.6855.42

GFuncIntegral4.744.643.10

Rankingerror(%)over75globalHLDAsystems
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ImplementationIssues

•OptimizingthenumberofGaussiansperstate:

–StartfromcanonicalstructurewithsamenumberofGaussiansperstate.
–Sharingsamesetofstatisticsamongmultiplestructures.
–MergingpairsofGaussiansgivingincrementinmarginalizedgrowthfunction.

•Optimizingretaineddimensionalitypertransformclass:

–Startfromnon-HLDAcanonicalstructure.
–SharingsamesetofGaussianlevelstatistics.
–Selectdimensionalitygivingmaximummarginalizedgrowthfunction.

•UsingLaplaceapproximation:

–BlockdiagonalHessianmatrixstructure.
–MeansandvariancesofdifferenceGaussiansassumedindependent.

•DiagonalvarianceapproximationbasedMLLRmeanadaptation.
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ExperimentsonCTSEnglish

•76hoursswitchboardcorpush5etrain03sub,862Swbd1,90CHEand166
LDCCellularconversationsides,5920tiedstates,12Gaussiansperstate

•296hoursswitchboardcorpush5etrain03,4800Swbd1,228CHEand418
LDCCellularconversationsides,6189tiedstates,16Gaussiansperstate

•PLPfeatureswithVTLNandsidebasedCMNandCVN

•58ktrigramlanguagemodelLM2003forfulldecoding

•3hoursoftestandheld-outdatasetdev01sub,20sidesSwbd2(eval98),20
sidesSwbd1(eval00),19sidesSwbd2cellular(formanualsegments)

•Systemcomplexityattributestooptimizeonlocallevel:

–Variablenumberofmixturecomponentsperstate
–RetainedsubspacedimensionalityofamultipleHLDAsystem
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Optimizing#Gaussiansperstate

SystemSelection#GaussiansWER%

12com-71k36.1
16com95k35.5
20com119k35.5
24com142k35.3

16comVarMix92k35.6
20com118k35.3
24com138k35.3

16comGFunc82k35.4
20com105k35.2
24com124k35.1

Optimizing#Gaussianson76hourh5etrain03sub

•SlightimprovementinWERoverstandardschemeslikeVarMix.

•MarginalizedMMIgrowthfunctionleadstomorecompactmodelstructures.
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OptimizingHLDAretaineddimensionality

WER%
System#TransAvgDimMLEMPEMLLR

std-3937.5--

Fixed13936.133.131.2
5236.3--

Fixed653935.532.730.9
5235.5--

GFunc6548.735.232.430.5

Optimizingretaineddimensionalityon76hourh5etrain03sub

•0.3%absreductioninWER.

•Gainadditivetodiscriminativetrainingandmeanadaptation.

•MLLRmeanadaptationpossibleformultipleHLDA/STCsystems.
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UsingmultipleHLDAtransforms

WER%
System#TransAvgDim16com28comMPEMLLR

std-3935.9---

Fixed13934.933.430.128.5
52----

Fixed653934.2---
5233.432.929.727.8

GFunc6551.333.633.029.727.9

UsingmultipleHLDAtransformson296hourh5etrain03

•Gainretainedafterdiscriminativetrainingandmeanadaptation.

•Diagonalvarianceapproximation,impossibleforconstrainedMLLR.

•52dim,65transformsand16comstructurestillnotover-fitting!!!GainNOT
additiveafterover-fittingstructuralchangeinmixingup.
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Conclusion

•Likelihoodbasedschemesunsuitable.

–Considerablepredictionerroronrecognitionperformance.
–Poorperformancewhenoptimizingmultiplecomplexityattributes.
–Nodirectrelationwithrecognitionworderror.

•Discriminativecomplexitycontrolschemes:

–Strongerrelationwithrecognitionerror.
–Lowpredictionerroronrecognitionperformance.
–Morecompactmodelstructures.

•Futureworkwillbeconcentratedon

–Usingotherdiscriminativecriteria,suchasMWE/MPE.
–Integratediscriminativecomplexitycontrolwithdiscriminativetraining.
–GeneralizationtoothertaskslikeBN.
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