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ABSTRACT

Temporalprocessingandfiltering in speechfeatureextraction
arecommonlyusedto aid in performancendrobustnessn au-
tomaticspeectrecognition.Amongthetechniquesuccessfully
emplo/ed are RASTA filtering, deltacalculation,and cepstral
meansubtraction. The work hereexploresthe useof temporal
filter designusing LDA to further enhanceperformanceusing
a few preprocessingonfigurations.In additionto RASTA fil-
tering, we apply the filters to modulation-spectraieaturesand
cepstrawhile makingsurethatthe assumptionsf LDA areob-
sened. We additionally test the use of filters that have been
trainedin differentreverberationconditions,noting from previ-
ouswork thatthe presencef reverberatioraltersthe preferred
frequeng rangeof the derived filters. Our testsindicatea con-
sistentadwantagdan phoneclassificationWordrecognitiorntests,
in contrastrevealthatthe LDA filters oftendonotimprove upon
the existing filters previously used. They canalsobe madeless
effectualby allowing contetual framesto a trainedprobability
estimator

1. INTRODUCTION

Temporalprocessingandfiltering in speechfeatureextraction
are commonlyusedto enhanceperformanceandrohbustnessn
automaticspeectrecognition.Techniquesuchascepstramean
subtraction(CMS) [1], deltacalculation[8], andRASTA filter-
ing [13] are someexamplesof temporalprocessinghat have
beensuccessfullyapplied. In eachof thesetechniquesthe tra-
jectoriesof spectralor spectrallyrelatedvaluesare temporally
processedo enhanceor presere the speechcarrying modula-
tions or to addspeechdynamicsinformationto the recognition
system.Sometimeseglecteds theimplicit temporalprocessing
whentraining a probability estimatorwith a context of several
adjacenframesof acousticfeatures. The preciseimplementa-
tion of the explicit temporalfiltering techniquesvasoftenfrom
insight and repeatedempirical testing. Van Vuurenand Her
mansky introduceda data-diventechniquefor directderivation
of temporalbasisfunctionsthroughlineardiscriminantanalysis
(LDA) [20]. Their work concernedhe derivation of RASTA-
stylefilters from log-critical-bandspectralvaluesof a phoneti-
cally labeledcorpus;phoneticclassesvereassignedo thelog-
spectratemporaltrajectories.Recentefforts have obsered the
effectsof additive noiseandreverberationon thesefilters [19].
Lieb andHaeb-Umbaclhave alsorecentlyappliedthetechnique
to trajectoriesof Mel-Frequeng CepstralCoeficients(MFCC)
[17]. Whenappliedto the featuretrajectoriesthefilter compo-
nentscanbe seenasareplacementf thedeltacalculation.

Theoriginalwork with temporalLDA typically involvedreplac-
ing thefiltersin log-RASTA-PLP with thesedata-denredfilters.

Thoughoriginally appliedto log-spectralalues wefind thatthe
resultsof this methodmay, with somecare,be appliedin alter
natesettings. In this work we make somefurther obserations
on the useof LDA for temporalfiltering in featureextraction
in our recognitionsystem. We apply the temporalLDA tech-
nigueto afew preprocessingonfigurationsvhereinotherimple-
mentationof temporalfiltering werereplacedy filters derived
throughLDA. In additionto log-RASTA-PLP [13], we apply
the LDA filters to the modulation-filteredSpectrogranfMFSG)
[16, 15] andtheoriginal PLP[11] asa postprocess.

2. EXPERIMENTAL SYSTEM

Our experimentatiorof the useof temporalLDA waswithin the
frameawork of a hybrid artificial neuralnetwork - hiddenMarkov
model(ANN-HMM) automaticspeechrecognitionssysten18,
3]. In this systema simplethree-layerfeed-forward multi-layer
perceptro{MLP) is discriminatvely trainedto estimatehe pos-
terior probabilitiesof contet-independentmono-phoneclasses
given the acousticfeatures. In previous systems particularly
thoseusing Gaussiamixture models,LDA wasappliedto the
featurevectors.In otherwords,discriminatie trainingwasap-
plied to the spectrallyrelateddimension. In the ANN-HMM
contet, LDA appliedin this manneris redundanto the non-
linear discriminationinherentin the MLP training. LDA how-
ever, when appliedtemporally addsa layer of discriminatve
training alongthe temporaldimension. In effect, we achieve a
discriminatie trainingthatcoversthetime-frequeng plane.

Temporalfilter derivation begins by capturingwindows of ap-

proximatelyonesecondsvorth of spectrally-relatettajectories.
Thesetrajectoriesare of the logarithm of filter-bankervelopes
or cepstraltrajectories. Eachwindow is assigneda phonetic
classlabel that correspondso the center The averagecovari-

ancematrix of the classesSw andthe covarianceof the means
of theclassesSg aresubsequentlgomputed.Theeigervectors
of S;l,l Sp thathave the correspondindargesteigervectorsare
takenasthediscriminatiely trainedfilters[2, 20, 7].

In our experiments temporalfilters and recognitiontestswere
performedusing separatecorporato promotegenerality The
filter designusedthe English portion of the Oregon Graduate
Institute (OGI) Multi-Lingual Databasg4] thatincludedhand-
labeledandsegmentedohonetictranscriptions We additionally
designedilters with the speechcorpusartificially reverberated
with two room impulseresponses.The first impulse, labeled
“light”, hadthequality of asmallofficewith areverberatiortime
(Ts0) of 0.6secondsinda direct-to-reerberantatio (DTRR) of
-1.9dB. Thesecondlabeled‘heavy”, wasrecordedn aconcrete
basementhallway having a Tso of 2.5 secondsand of DTRR
of -8 dB. Subsequentecognitiontestswere conductedwith a
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Figurel: RASTA filtersreplacedy LDA filters.

MLP erviron. LDA trainingervironment
train [ test [ clean | light | heary
clean | clean 9.10 9.00 12.00 -

light | light 18.90 1640 + | 18.30
heary | heary || 45.50 4210 + | 3890 +

Table1l: WER usingLDA filters derived with reverberantdata
andMLP with singleframeof features.

MLP environ. LDA trainingervironment
train [ test | clean | light [ heayy
clean | clean 5.20 5.30 7.00 -

light | light 11.10 10.70 12.40 -
heary | heary || 30.70 30.10 30.30

Table2: WER usingLDA filters derived with reverberantdata
andMLP context window of 9 featureframes(10 ms stepping
rate).

subsetof the OGI Numberscorpus[5] that also had phonetic
transcriptions.

3. RASTA-LDA

In previouswork we hadnotedthatincreasinglyseverereverber
ationresultedin LDA filters that preferredthe lower frequeng
ranges[19]. For example, the first discriminantfilter for the
clean light, andheavy reverberatiorervironmentsusedherehad
upperhalf-paver pointsat 13 Hz, 9 Hz, and5 Hz respectiely.
Whenthe original single-poleRASTA filter wasreplacedwith
theseLDA filters within RASTA-PLP (figure 1), we obsered
performancemprovementsin recognitiontests,particularlyin
casef reverberation.In theseprevious experimentsthe MLP
probabilityestimatowasallowedapproximatelyl00msof con-
textualfeatureframes.As thebulk of thefilter impulseresponse
residedwithin this range,it is possiblefor the MLP trainingto

learnand mimic someof the temporalfiltering characteristics.

To betterobsere the appropriatenessf eachfilter to the en-
vironmentwith which it wastrained,we conductedadditional
testscomparingthe threesetsof LDA filters. In the first, we
eliminatedthe contetual framesallowed to an MLP probabil-
ity estimatomwith 800hiddenunits. Table1 containsword error
rates(WER) of matchedraining andtestingexperiments.The
“+" (“-") postfixesmarkwhereimprovement(degradation)over
the cleanLDA filters wasstatisticallysignificant(p=0.05,4673
words). Boldfacesignifiesmatchedtraining, testing,andfilter
designenvironments.We obsere herethat whenthe probabil-
ity estimatoiis notallowed contextual frames therecognitionis
bestwhenusingthefilters trainedin the sameenvironment.The
only exceptionappeargo bein the cleancase wherethe light
filters performbetterby 1% relative, thoughthis is not signifi-
cant.
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Figure2: MFSGervelopefiltersreplacedy LDA filters.

[ Train | Test || MFSG | MFSG-LDA |

clean | clean 6.50 7.00
light light 12.10 12.40
heary | heary 31.60 32.80

Table 3: WER comparisorof original MFSG and MFSG with
LDA-derived filters. MLP trained on acousticcontext of 9
frames.

[ Train | Test || MFSG | MFSG-LDA |

clean | clean 76.96 78.40 +
light light 70.95 72.82 +
heary | heary 55.66 57.89 +

Table 4: Frameaccurag comparisonof original MFSG and
MFSG with LDA-derivedfilters. MLP trainedon acousticcon-
text of 9 frames.

Table2 containsWER scoresvhenwe re-introducedcontextual
framesto the 800 hiddenunit MLP. In this configuration,we
no longerseea consistenadwantagen usingthe alternatefilter
in eachtraining and testingervironment; using the light filter
seemgo producethe bestscoresin the reverberationtestsbut
the differencesare not significant. The heavy filter set, which
smootheshemost,appeargo belessusefuloverall sinceit pro-
ducesthe worst scoresin all but the matchedtestingerviron-
ment.

4. MFSG-LDA

LDA providedanautomaticstatisticameanf generatindRAS-
TA-style filters. Thesefilters demonstratedrequenyg selectv-
ity in agreementith previous perceptualand empirical data
[12, 14, 9]. In aneffort to testthe generalusefulnes®of these
RASTA-style filters, we soughtto apply themin otherfeature
processingstratglies. The MFSG processwas developed by
Kingshury andhasdemonstratedtility in case®f reverberation
[16, 15]. Herewe replacethetemporalenvelopefiltersincluded
in thatprocessingvith RASTA filters derived usingLDA, asin
figure 2. In contrastto the LDA employmentin RASTA-PLP,
we do nottapandanalyzethetrajectoriesf theamplitudespec-
traafterthe squareroot operationput rathercontinueto usethe
logarithm. The reasonfor this is that the amplitudespectrum
providesa poor domainwith which to apply LDA. An assump-
tion of LDA is thattheunderlyingclassdistributionsarenormal.
Applying alogarithmto the enegy ervelopesproducedistribu-
tionsthatarecloserto thenormaldistributionthantheamplitude
spectrumEmploying alogarithmis acommontechniquen nor-
malizing datain statisticsaswell asspeechandhasthe adwan-
tageof being“shape-ivariant” to scalingandpowersof theraw
data. Thatis, a scalingof the dataappearsasan offset aftera
logarithmwhile a pover merelyadjuststhe spreadanddomain
of the datadistribution. We reconcileusingdfilters dervedfrom
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Figure3: PLP anddeltafeaturegeplacedby LDA filtered fea-
tures.

[ Train | Test || PLP+As | PLP-LDA |
clean | clean 7.80 8.80 -

light | light 16.20 17.60 -
heary | heary 46.10 40.40 +

Table5: WER comparisorof original PLPandPLP with LDA-
derivedfilters. MLP trainedon a single frameof acousticfea-
tures.

[ Train | Test ][ PLP+As [ PLP-LDA |

clean | clean 70.75 7465 +
light light 62.05 67.74 +
heary | heary 45.59 53.48 +

Table6: Frameaccurag comparisorof original PLP and PLP
with LDA-derivedfilters. MLP trainedasingleframeof acoustic
features.

logarithmdatain the situationwherethe squareroot is usedby
noting that a main effect of memorylessonlinearitiesof this
typeis the creationof harmonicsthe fundamentamodulations
remain. What arguablyremainsessentials the preseration of
modulationratesthatareimportantto discrimination.

Theoriginal envelopefilters usedwere0-8 Hz and2-16 Hz IIR
filtersandwerearrivedatthroughrepeatedecognitiontests.Ta-
bles3 and4 shav the WER and frame accurag resultswhen
thesdfilters werereplacedy thefirst two LDA componentsle-
rived from the matchedraining environment. The frameaccu-
ragy is consistenthbetterby betweenl% and4% relative when
usingthe LDA filters. This wasalsoobseredin almostall mis-
matchedraining andtestingconditionsnot shavn here. How-
ever, we donotseeanimprovementin WER; theuseof LDA fil-
tersyieldsdegradedperformancehoughnot statisticallysignifi-
canthere.Theparadoxicalmprovementin frameaccurag with
an accompaying penaltyin WER was consistenin all of our
testswith MFSG, including thosewherewe remored the con-
textualframesto theMLP. Thefactthatthe LDA filterswerede-
signedfor phonediscriminationratherthanword recognitionas
theoriginalfilterswerearrivedat, maycontrituteto thediscrep-
angy. Thismaybefurthercomplicatedoy addedchon-lineartem-
poral processingnherentin the automaticgain control (AGC)
stagesn MFSG.lt is notuncommorto witnesspositive gainsin
frameaccuray leadingto negative onesin word recognitionand
viceversa.An investigatiorof confusionmatricegeveals,inter-
estingly thatMFSG-LDA resultsin silencebeingmisclassified
more often thanthe original while the correctclassificatiorfor
the phoneclassedncreased.Unfortunately the direct relation
betweemphoneclassificatiorandword recognitionis difficult to
analyze.

5. PLP-LDA

As previously noted,the logarithmof the spectrakenegiespro-

videsanadequatelomainwith whichto successfullyapplytem-

poralLDA. Cepstracomputatiorimplicitly includesalogarithm

followedby adecorrelatindgineartransformatioracrosgrequen-
cy bands. The resultingfeaturecomponentslso exhibit class
distributionsthatareapproximatelynormalandthuspotentially
suitablefor LDA. In lieu of frequeng-bandRASTA filtering we

appliedthetemporal DA techniqueo PLPcepstratoeficients.

Whenusedin this fashion thefilters area data-denedreplace-
mentof the deltacalculationscommonlyusedin ASR systems
(figure 3). This mannerof LDA usewas also recentlydone
by Lieb andHaeb-UmbachusingMFCCsin phonerecognition
tasks[17]. We usethisin conjunctionwith local normalization
wherethe featuresof eachutterancas offsetandscaledto zero

meanandunitvariance.Thiscanbeinterpretecasacombination
of CMS andautomatiagaincontrol.

Tables5 and6 shav WER andframeaccurayg resultsusingPLP
with no contextual framesavailableto the MLP probabilityesti-
matorand400 hiddenunits. The direct, delta,anddoubledelta
featureswere replacedwith filtering by the first threediscrim-
inant componentfrom LDA. We seea similar patternto our
testswith MFSG wherewe obtainsignificantimprovementsin

phoneclassificatiorattheframelevel rangingfrom 5.5%to 17%
relative. We also uniformly obtainedsuchframeaccurag im-

provementsn mary mismatchedrainingandtestingconditions
aswell. Wordrecognitionimprovementsunfortunatelywerenot
asforthcomingandappearednly in someheavy reverberation
testswheretherecognitionerrorsremainechigh.

6. DISCUSSION

Ourexperimentswith afew stylesof preprocessingevealacon-
sistenimprovementn phoneclassificatiorwhenusingtemporal
LDA. This supportgphonerecognitionresultsreportedin [17].
We alsoobtainedsimilarresultsn pilot phonerecognitionexper
imentsusinganunconstrainedrammarndtwo-stateminimum
durationmonophonemodels. Our MFSG testswith a 100 ms
input context to the MLP yieldedbetweenl% and 6% relative
phoneerrorreductionwhensubstitutingn theLDA filters. Lik e-
wise,usingLDA in lieu of deltafeaturesn our PLPtestswith a
singleframeinputto the MLP yieldedbetweem% and7%rela-
tive improvement. Word recognitiontestsindicatedmixed ben-
efit. Our testswith RASTA-PLP and LDA filters suggesthat
thereis benefitin usingtemporalfilters tunedto the reverber
antervironmentin whichthe ASR systemis trainedandtested.
This is mostapparentin our testswherethe MLP probability
estimatothadaccesdo only a singleframeof acoustideatures.
Thisadwantagas mitigatedwhenwe trainthe MLP with alarger
contet of adjacentacousticframes. With 100 ms of acoustic
featurestheMLP implicitly performsnon-lineatemporafilter-
ing, the parametersf which arelearnedthroughdiscriminative
training. We can effectively considerthis a duplicationof ef-
fort with the discriminatve linearfilters derived throughLDA,
thoughotherfactorsprobablyexist. Oneof the motivationsfor
our useof temporalLDA wasto insertanothetevel of discrim-
inative training alongthe temporaldimensionin additionto the
spectrallyrelateddimension;in a sensegdiscriminatiely span-
ning the time-frequeng plane. With a wide enoughsequence
of acousticfeaturespur MLP may alreadyprovide an effective
coverage.Judicioususeof tunedtemporalfilters may still ben-
efit ASR systemswherethe allowing a wider acousticcontext
to the probability estimatorbecomegrohibitively expensve or



undesirablelueto insufiicient trainingdata.

In our MFSGandPLPteststheimproved frameaccurag does
notproduceconsistenWER improvementsmorefrequentlythe
opposite. As the temporalfilters were derived throughphone
discriminationon data, it is not too surprisingto witnessthe
improved frameaccurayg. Arguably a goodframeaccuray is

neededfor a good WER, thoughary further minor improve-
mentsthroughtuning guaranteesothing. It is difficult to an-
alyzehow aminor changdn phoneclassificatioraffectsthere-
sulting word recognition. TemporalLDA hasverified that the
modulationfrequencie®f importanceto speechHie in thelower
frequencied6, 10]. It alsoprovides an automaticdata-drven
meansof obtainingrelevantfilters for phoneclassification.Di-

rectly obtainindfilters optimalfor word recognitiorremainselu-
sive and of speculatie importanceconsideringthe compleity

andvariety of ASR systemimplementationsindconstraints.

7. CONCLUSION

RASTA filtering, CMS, anddeltafeaturesareformsof temporal
processinghat have enhancedASR systems.LDA providesa
corvenientmechanisnfor deriving temporalfilters that canbe
usedin theseprocessingteps.Further thesefilters canbetuned
to environmentssuchasreverberation Our testsshav thatLDA

filters, beingdesignedo discriminatebetweerphonescancon-
sistentlyimprove phoneclassification. Testswith RASTA-PLP
alsoindicatethatthis canleadto improvementsin word recog-
nition. However, suchimprovementsmay be mitigatedor made
redundanby othermeans For example trainingan MLP prob-
ability estimatorwith a suficient acousticcontext in reverber

ationyields comparableesultsamongdifferently trainedLDA

filters. Further word recognitionimprovementswerenot forth-
comingin testsusingalternatepreprocessingonfigurationsuch
asMSFGandPLP-cepstravenwhile frameaccurag wasmain-
tainedor improvedupon.A commonthemewith temporaffilter-

ingis theenhancemerandpreserationof thelowermodulation
frequenciesup to about16 Hz. The further specificparsingof

thisrange whetherby LDA or othermeanspffersminor trade-
offs amongphoneclassificationword recognition,and perfor

mancein reverberanervironments.
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