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ABSTRACT

Tandemacousticmodelingconsistwof taking the outputsof a
neuralnetwork discriminantlytrainedto estimatethe phone-class
posteriorprobabilitiesof speechandusingthemasthe inputfea-
turesof aconventionalGaussiamixturemodelspeechrecognizer
therebyemploying two acoustiomodelsin tandem.This structure
reducesthe error rate on the Aurora 2 noisy English digits task
by morethan50% comparedo the HTK baseline.Eventhough
therearesomereasonabléypothesito explain thisimprovement,
the origins aresstill unclear This paperintroducesthe useof vi-
sualizationtoolsfor erroranalysisof somevariantsof thetandem
system.Theerrorbehaior is first analyzedusingword-level con-
fusion matrices.Posteriograms(displaysof the variationin time
of perphoneposteriorprobabilities)provide for further analysis.
Theresultscorroborateur previoushypothesighatthegainsfrom
tandemmodelingarisefrom thevery differenttrainingandmodel-
ing scheme®f thetwo acoustianodels.

1. INTRODUCTION

Tandemacousticmodeling combinesthe corventional Gaussian
mixture/hiddenMarkov model (GMM/HMM) approachwith the
moreunusuahybrid connectionist-HMMapproach After acom-
mon feature extraction stage, the traditional GMM/HMM ap-
proachassociategarticularfeaturevectorswith speechunits by
modelingtheir distributionsundereachclasswith a setof Gaus-
sianmixturemodels(GMMs). Theestimatiorof theGMM param-
etersis doneaccordingto a maximume-likelihood criteria via the
EM algorithm. Thesedistributionsarethenusedto calculatethe
likelihoodsof differentspeectsoundsusedin the hiddenMarkov
Model (HMM) decoderIn the hybrid-connectionisapproacH1],
theGMMs arereplacedy aneuralnetwork discriminantlytrained
to estimatethe posteriorprobabilitiesof the phoneclassegiven
the featureobsenations. Theseposteriorprobabilitiesare then
corvertedinto scaledlikelihoodsbeforebeingusedin the HMM
decoder

In the tandemacousticmodeling, the outputsof the same
discriminantly-trainecheural network are usedas the input fea-
turesof a corventional GMM/HMM speechrecognizer The orig-
inal developmentof tandemsystemsshaved an improvementin
theperformancentheAuroratask[2] of thesesystemsompared
with theHTK baselineof morethan30%(3]. Furthervariationsof
theoriginal systemhave increasedhe performancevenmore[4].
Eventhoughthe origin of the improvementis still uncleay some
hypothesisvereproposedn the previouswork.

In this paperwe analyzein more depththe performanceof
Tandensystemgarticularlyin termsof theirerrorbehaior. Since
the Aurorataskincludesalarge numbertestconditionscomposed
of differentnoisetypesandlevels, erroranalysisis quitecomplex.

We have foundvisualizationtoolsvery usefulfor thistaskbecause
they canprovide a conciseform to analyzeseveral aspectof the
systembehaior, andtherebyrevealimportantpatterns.

To achieve a betterunderstandingf the error behaior, we
analyzedseveral variantsof the original tandemsystem,which
areintroducedin the next section. The “GMM Posteriors”sys-
tem helpsto clarify the differencebetweentandemmodelingand
corventional GMM systems,and the “Standard+ deltas+ nor
malization” systemhas performancesignificantly improved over
the standardandemsystem. In section3, we useconfusionma-
trices and their differencesto analyzethe variationsin the error
behaior betweernthesesystems.In section4, we further analyze
the behaior of the original tandemsystemandthe GMM Poste-
riors systemusing posteriograms,visualizationsof the posterior
probability variationsin time. In section5 we drav conclusions
concerninghe succes®f tandemmodeling.

2. STANDARD TANDEM SYSTEM AND ITSVARIANTS

Tandemacoustiomodelingconsistof two acoustianodelsaneu-
ral net (NN) and a Gaussiarmixture model (GMM), in tandem
feedinga hiddenMarkov model (HMM). This systemcanbe di-
videdinto threestages:

1. Phone-posteriorsstimation(first acoustionodel)

2. Posteriorsprocessing,in which the outputs of the first
modelareconditionedto bettersuitthe secondmodel

3. Conventional GMM/HMM  speech recognizer (second
acousticmodelandHMM decoder).

Figure 1 shaws the block diagramsof the four systemscom-
paredin this paper Firstis the simplebaselingwhich we referto
asthe PLP baselineor “Base”), wherethe basic12th order PLP
cepstraare fed directly into the GMM/HMM recognizerdefined
for the AurorataskusingtheHTK package(ThePLPfeaturesare
for mostpurposesrery similar to MFCCs). Both of theseblock
areusedin all the systenmvariants.

The secondsystemin figure 1 is the original tandemsys-
tem [3], (hereafterthe standardsystemor “Std”), in which the
phone-posterioestimationmodule is implementedby a neural
network. The secondstageconsistsof the removal of the net's
final nonlinearityto approximatehelog probabilitiesanda decor
relationstageimplementedvith PCA.

To investigatethe importanceof the neural network in the
tandemapproach,we investigateda version in which phone-
posteriorswere calculatedby a GMM instead. A phone-based
GMM/HMM systemwasdirectly trainedon the PLP featuresjn-
cludingdeltas thenthephoneposterioprobabilitiesarecalculated
via Bayes'rule from the classlikelihoodsmodeledby the GMM.
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Fig. 1. Block diagramsof therecognizewariantsdiscussedn this paper

We call thisthe GMM Posteriorsystemor “GPost”. In this case,
the secondnodule(posteriomprocessingagainconsistsof a PCA
decorrelatiorstage.

Finally, we have found that the standardandemsystemcan
beimproved by expandingthe secondnoduleto incorporatedelta
calculationbeforedecorrelationandperutterancdeaturenormal-
ization after the decorrelatiorto give eachdimensionzero-mean
andunit-variance. This systemis known as Standardplus deltas
plusnormalizationor “Std+DN”".

Theperformancef thesesystem®ntheAurora?2 taskis sum-
marizedin table 1. We seethat the Basesystemperformsvery
muchon a parwith the standardAuroramulticonditionreference,
whereaghe GPostsystemis slightly worse. The standardandem
systemshavs animprovementof 30% relative to the Auroraref-
erenceandStd+DNincreaseshis by a significantmagin.

WER % Ref.
System testA | testB | testC | impr.
PLPbaselineBase 1221 | 1449 | 16.14 | -2.2
Standardandem:Std 7.69 | 11.12| 9.98 | 30.0
GMM posteriors:GPost 13.88 | 15.25 | 16.87 | -10.8
Std+deltas+normStd+DN | 6.82 | 8.32 | 7.21 | 445

Table 1. Systemword-errorrates(WERS) for the three Aurora
test sets(averagedover 20..0dB SNR), and the percentagem-
provementoverthe Auroramulticonditionreferencesystem(“Ref.
impr.”, the standardigure of meritfor the Auroratask).

3. CONFUSION MATRICESAND DIFFERENCE
CONFUSION MATRICES

The first visualizationtool we usein our analysisis the confu-
sionmatrix. This is obtainedby comparingthe recognizedvords
with the actualwordsspolenin eachutterancekeepinga record
for eachword in the vocahulary. The resultsarethendepictedin
a graphicalform, shavn in the top row of figure 2. Within each
image, the rows representhe actualwords presentin the utter
ances,exceptingthe last row which representhe numberof in-
sertionspresentn the final transcription. The columnsrepresent

the words reportedby the recognizer with the exceptionof the
last columnwhich countsthe deletionscommitted. The leading-
diagonalvaluesrepresenthe correctly recognizedwvords andall
the off-diagonalvaluesrepresentifferent sourcesof error Nu-
mericalvaluesof the overall averageword-errorratesfor the in-
cludedconditionsareshavn superimposedn eachmatrix.

Confusionmatricescan be calculatedfor different systems
over different subsetof the noise conditionsand levels defined
in the Auroratask;figure 2 shavs confusionmatriximagesfor the
four systemsve areconsidering Sincerecognitionperformances
nearperfectfor high-SNRcaseswe focuson thelow-SNR cases
(SNRsof 5, 0 and-5 dB), and shawv resultsaveragedover only
thesecasedor every Auroranoisetype. (Averagingonly within
the separatdestsetsA, B and C revealedintriguing differences,
but we have yetto analyzethesen detail). We notethatthe WERSs
in this low-SNR caseareratherlarge.

For example,in the low-SNR casefor the PLP baselinesys-
tem (top left of figure 2), we seethat the significanterror con-
tributionscomefrom deletions (particularlyfor “six”, lesssofor
“five”, “seven”, “nine” and“oh”) andfrom insertionsof “oh”. The
worstconfusionccomefrom wordsmisrecognizeés“oh” (partic-
ularly “four” and“zero”), althoughthesemaybe accountedor as
combineddeletionsand“oh” insertions.We shouldmentionhere
thatwe experimentedvith changingthe word insertionpenaltyof
the HTK decodeiin orderto balancethe numberof deletionsand
insertions put this only worsenedhe overall word-errorrate.

Comparingthe confusionmatricesof two systemsangive us
aninsightinto the origin of differencesetweertheir bottom-line
error rates. However, ratherthanlooking at two images,we can
simply subtractthe matrices,and display the result. This gives
us the secondrow of figure 2, the confusion differences, i.e. the
differencedetweertheadjacenpairsof confusionmatriximages.

Here,darker colorsin theleadingdiagonaimeanthattheright-
handsystemhasa betterperformanceecognizingthat particular
word. Darker colorsin the off-diagonalvaluesrepresentnoreer
rors(confusionsdeletionsor insertionsdependingon the position
in the matrix) for theright-handsystem.Notethatzerodifference
is indicatedby 50%grayin thesefigures.In all matrix rows other
thaninsertions,increasesn correctrecognitionmustbalancede-
creasedn error, bothlogically (sincewe aredescribinga fixed set
of word examples) andbecausé¢he sumsof theunderlyingconfu-
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Fig. 2. Confusionmatricesfor all four systemsn thelow-SNR condition,andthreeconfusiondifferenceshaving the difference$etween

theadjacenmatricesin thetop row.

sionmatrix rows areequal.

Looking at the first panelin the lower row of figure 2, the
differencebetweerthe GMM posteriorsystemandthe PLP base-
line, we noticethatthe performanceof thesetwo systemss quite
similar (astablel corroboratesalthoughthe GPostsystemshavs
significantlygreatnumbersof deletionsor “four”, “five”, “seven”
“oh” and“zero”, fewer insertionsof “oh”, andrathermore“five”-
to-“nine” confusions. Even thoughthe GPostsystemhasa tan-
demstructure we interpretits performancesimilarity to the PLP
baselineasindicatingthatthe secondSMM (within theHTK rec-
ognizer)doesnot have arything new to learnfrom the posteriors
generatedrom the first GMM. (This wasin factour original ex-
pectationof all tandemsystems.)

The confusiondifferencebetweenthe GPostsystemand the
Standardsystemover the low SNR conditions(middle panel)re-
vealsthat the better performanceof the Standardsystemis due
primarily to a smallernumberof deletions(lighter graysin the fi-
nal column). We can also obsere that the standardsystemhas
alarger numberof insertionsof the word “nine” i.e. it is worse
thanthe GPostsystem,andby extensionthe Basesystemin this
particularaspect.

Whencomparingthe performanceof the standardsystemand
the Std+DN for low SNR signals,we canobsenre thattheinclu-
sionof deltasandnormalizationincreaseshe performanceof the
latter systemby further diminishing the numberof deletionsand
largely eliminatingthe insertionsof the word “nine”. After look-
ing atarangeof confusionstatisticsthis emegedasa cleartrend:
the NN-basedsystemswere particularly vulnerableto “nine” in-
sertions but including the deltasof the tandemposteriorsaspart
of the featurevector correctedthis. Seemingly the dynamicsof
the transitionbetweerthe /n/ and/ay/ posteriorsvasadditionally
characteristic¢or thisword.

4. POSTERIORGRAMS

Sincethe GPostandStdsystemdliffer only in the basisfor phone-
posteriorestimation(distribution GMMs or discriminantNN), the
differencessummarizedn the middle confusiondifferenceimage
canbe furtherexaminedby comparingthe posteriorghemseles.
The phone-posteriorestimationmodule generate24 posterior
probabilitiesfor eachframe,andthesecanbe renderedasrows in
animageto give a visualizationreminiscentof a spectrogram—in
thatit shavs intensityvariationovertime—tut for arangeof phone
classprobabilitiesratherthan frequeng bandenegies. We call
thisrepresentation posteriorgram, andsomeexamplesareshavn
in figure 3. Ideally, ateachframe,the posteriorthatcorrespondso
the phonebeingspolen shouldbe the onewith the highestvalue
(darkest). The pink boxes (which appeargray in monochrome)
outlinethe‘true’ tamgetsderived by forcedalignment.

In the figure, the GMM-basedposteriorsaareshavn alongside
thosefrom the neuralnetwork for the sameutteranceboth with
andwithout addednoise. The posteriorsobtainedfrom the neural
network shav acloserresemblancéo thetargets,especiallyin the
time intenal 0.5-1.0sec. More importantly in both signalsthey
have a lower entrogy (lessambiguity)thanthe GMM posteriors.
Thisdifferencan posteriorentrogy is notby chancebutis adirect
result of the discriminanttraining of the neuralnetwork, which
updatests weightsto assureanincrementof the correctposterior
probability while decreasinghe incorrectones. On other hand,
the GMM learnsits parameterdy maximizing the likelihood of
the correctphoneclassbut without assuringthe minimization of
theremainder The smallerentroyy in the Std systemexplainsits
lower numberof confusionsn comparisorwith the GPostsystem.

Noticethanin contrasto the cleancaseandin contrasto the
NN, the GMM posteriogramfor the noisy signalshaws a signif-
icant, spuriousshift of probability to the backgroundphone(sil).
We considerthis failure of the GMM in discriminatingbetween
noisy speechandbackgroundo be reflectedin the high deletion
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Fig. 3. Posteriogramsof the sameutterancen cleanandnoisyconditions basedn bothneuralnetand GMM.

ratefor the GPostsystemseenin the confusionmatrices. More-

over, asthe Basesystembehaesratherlike the GPost,andsince
they arebasedon similar GMM distribution models we speculate
that the deletionsplaguingthe Basesystemat low SNR have a

similar origin.

Otherfeaturesvisible in the posteriogramsarethe confusion
of /sil/ as/f/ or /s/, both for GMM in clean,andfor the NN in
noise,althoughfor the GMM in noise,the overall biasto /sil/ has
correctedhis.

Themostprominentdifferencebetweertargetandactualpos-
teriorsis the nearcompletefailure of the GMM posteriorso reg-
ister the /uw/ from “two” around0.8 sec. This may reflectthe
natureof the EM trainingusedfor the neuralnetwork, which uses
thelabel-sequenceonstrainton thetrainingdatahowever it sees
fit. In this case becausduw/ occursonly in “two”, andbecause
It/ mustbe sharedonly with “eight”, the training hasapparently
incorporatedhe vowel from “two” at the endof the /t/ model. It
would be interestingto investigatethe wider effectsof suchphe-
nomena.

5. CONCLUSIONS

We have previously concluded[4] that the mostlikely explana-
tion for thesucces®f tandenmodelingliesin thecomplementary
natureof the two models,bothin termsof representatioithidden
unitsdescribingclassboundariesersusGaussiansoveringdistri-
bution peaks)andin termsof training scheme(back-propagation
to Viterbi targetsversusfull EM). The differencesin the poste-
riorgramsshav how the two acousticmodelscan learn differ-
entaspectf the acousticinformation. It seemshat the global
remappingof the featurespaceperformedby the neuralnetwork
doesnoteliminatetheinformationto belearnedby the GMM, and
that morewver it permitsthe GMM to work in a more successful
distribution-modelingspaceasevidencedby the performancem-

provementin general,andby specificimprovementssuchasthe
reductionof certaindeletionsasshavn in our currentanalyses.
Prior to this investigationof error visualizationtools, our in-
sightinto the differencesbetweenthe various systemswas lim-
ited to comparingthe monotonicchangesn WER asa function
of noiselevel. Confusionmatrix imagesandposteriogramshave
revealed considerablymore specificinformation concerningthe
strengthsand weaknessesf differentmodelingtechniques.Cu-
riositiessuchastheinteractionof posteriordeltasandtheinsertion
of “nine” have aremedialvaluein developingimproved systems.
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