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ABSTRACT

Temporalprocessingand filtering in speechfeatureextraction
arecommonlyusedto aid in performanceandrobustnessin au-
tomaticspeechrecognition.Amongthetechniquessuccessfully
employed are RASTA filtering, deltacalculation,and cepstral
meansubtraction.The work hereexploresthe useof temporal
filter designusingLDA to further enhanceperformanceusing
a few preprocessingconfigurations.In additionto RASTA fil-
tering, we apply the filters to modulation-spectralfeaturesand
cepstrawhile makingsurethat theassumptionsof LDA areob-
served. We additionally test the useof filters that have been
trainedin differentreverberationconditions,notingfrom previ-
ouswork that the presenceof reverberationaltersthepreferred
frequency rangeof thederivedfilters. Our testsindicatea con-
sistentadvantagein phoneclassification.Wordrecognitiontests,
in contrast,revealthattheLDA filtersoftendonot improveupon
theexisting filters previously used.They canalsobemadeless
effectualby allowing contextual framesto a trainedprobability
estimator.

1. INTRODUCTION

Temporalprocessingand filtering in speechfeatureextraction
arecommonlyusedto enhanceperformanceandrobustnessin
automaticspeechrecognition.Techniquessuchascepstralmean
subtraction(CMS) [1], deltacalculation[8], andRASTA filter-
ing [13] are someexamplesof temporalprocessingthat have
beensuccessfullyapplied. In eachof thesetechniques,the tra-
jectoriesof spectralor spectrallyrelatedvaluesaretemporally
processedto enhanceor preserve the speechcarryingmodula-
tionsor to addspeechdynamicsinformationto the recognition
system.Sometimesneglectedis theimplicit temporalprocessing
whentraining a probability estimatorwith a context of several
adjacentframesof acousticfeatures.The preciseimplementa-
tion of theexplicit temporalfiltering techniqueswasoftenfrom
insight and repeatedempirical testing. Van Vuurenand Her-
mansky introduceda data-driventechniquefor directderivation
of temporalbasisfunctionsthroughlineardiscriminantanalysis
(LDA) [20]. Their work concernedthe derivation of RASTA-
style filters from log-critical-bandspectralvaluesof a phoneti-
cally labeledcorpus;phoneticclasseswereassignedto the log-
spectraltemporaltrajectories.Recentefforts have observed the
effectsof additive noiseandreverberationon thesefilters [19].
Lieb andHaeb-Umbachhavealsorecentlyappliedthetechnique
to trajectoriesof Mel-Frequency CepstralCoefficients(MFCC)
[17]. Whenappliedto thefeaturetrajectories,thefilter compo-
nentscanbeseenasa replacementof thedeltacalculation.

Theoriginalwork with temporalLDA typically involvedreplac-
ing thefilters in log-RASTA-PLPwith thesedata-derivedfilters.

Thoughoriginallyappliedto log-spectralvalues,wefind thatthe
resultsof this methodmay, with somecare,beappliedin alter-
natesettings. In this work we make somefurther observations
on the useof LDA for temporalfiltering in featureextraction
in our recognitionsystem. We apply the temporalLDA tech-
niquetoafew preprocessingconfigurationswhereinotherimple-
mentationsof temporalfiltering werereplacedby filters derived
throughLDA. In addition to log-RASTA-PLP [13], we apply
theLDA filters to themodulation-filteredSpectrogram(MFSG)
[16, 15] andtheoriginalPLP[11] asapostprocess.

2. EXPERIMENTAL SYSTEM

Ourexperimentationof theuseof temporalLDA waswithin the
framework of ahybridartificial neuralnetwork - hiddenMarkov
model(ANN-HMM) automaticspeechrecognitionssystem[18,
3]. In thissystem,asimplethree-layerfeed-forwardmulti-layer
perceptron(MLP) is discriminatively trainedto estimatethepos-
terior probabilitiesof context-independentmono-phoneclasses
given the acousticfeatures. In previous systems,particularly
thoseusingGaussianmixturemodels,LDA wasappliedto the
featurevectors.In otherwords,discriminative trainingwasap-
plied to the spectrallyrelateddimension. In the ANN-HMM
context, LDA appliedin this manneris redundantto the non-
linear discriminationinherentin the MLP training. LDA how-
ever, when appliedtemporally, addsa layer of discriminative
training alongthe temporaldimension.In effect, we achieve a
discriminative trainingthatcoversthetime-frequency plane.

Temporalfilter derivation begins by capturingwindows of ap-
proximatelyonesecondsworthof spectrally-relatedtrajectories.
Thesetrajectoriesareof the logarithmof filter-bankenvelopes
or cepstraltrajectories. Eachwindow is assigneda phonetic
classlabel that correspondsto the center. The averagecovari-
ancematrix of theclasses��� andthecovarianceof themeans
of theclasses��� aresubsequentlycomputed.Theeigenvectors
of ���
	� ��� that have the correspondinglargesteigenvectorsare
takenasthediscriminatively trainedfilters [2, 20, 7].

In our experiments,temporalfilters andrecognitiontestswere
performedusing separatecorporato promotegenerality. The
filter designusedthe Englishportion of the Oregon Graduate
Institute(OGI) Multi-Lingual Database[4] that includedhand-
labeledandsegmentedphonetictranscriptions.We additionally
designedfilters with the speechcorpusartificially reverberated
with two room impulseresponses.The first impulse, labeled
“light”, hadthequalityof asmallofficewith areverberationtime
( ��
�� ) of 0.6secondsandadirect-to-reverberantratio(DTRR)of
-1.9dB.Thesecond,labeled“heavy”, wasrecordedin aconcrete
basementhallway having a � 
�� of 2.5 secondsand of DTRR
of -8 dB. Subsequentrecognitiontestswere conductedwith a
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Figure1: RASTA filters replacedby LDA filters.

MLP environ. LDA trainingenvironment
train test clean light heavy

clean clean 9.10 9.00 12.00 -
light light 18.90 16.40 + 18.30
heavy heavy 45.50 42.10 + 38.90 +

Table1: WER usingLDA filters derived with reverberantdata
andMLP with singleframeof features.

MLP environ. LDA trainingenvironment
train test clean light heavy

clean clean 5.20 5.30 7.00 -
light light 11.10 10.70 12.40 -
heavy heavy 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 wehadnotedthatincreasinglyseverereverber-
ation resultedin LDA filters thatpreferredthe lower frequency
ranges[19]. For example, the first discriminantfilter for the
clean,light, andheavy reverberationenvironmentsusedherehad
upperhalf-power pointsat 13 Hz, 9 Hz, and5 Hz respectively.
Whenthe original single-poleRASTA filter wasreplacedwith
theseLDA filters within RASTA-PLP (figure 1), we observed
performanceimprovementsin recognitiontests,particularly in
casesof reverberation.In thesepreviousexperiments,theMLP
probabilityestimatorwasallowedapproximately100msof con-
textual featureframes.As thebulk of thefilter impulseresponse
residedwithin this range,it is possiblefor the MLP training to
learnandmimic someof the temporalfiltering characteristics.
To betterobserve the appropriatenessof eachfilter to the en-
vironmentwith which it was trained,we conductedadditional
testscomparingthe threesetsof LDA filters. In the first, we
eliminatedthe contextual framesallowed to an MLP probabil-
ity estimatorwith 800hiddenunits.Table1 containsword error
rates(WER) of matchedtrainingandtestingexperiments.The
“+” (“-”) postfixesmarkwhereimprovement(degradation)over
thecleanLDA filters wasstatisticallysignificant(p=0.05,4673
words). Boldfacesignifiesmatchedtraining, testing,andfilter
designenvironments.We observe herethat whentheprobabil-
ity estimatoris notallowedcontextual frames,therecognitionis
bestwhenusingthefilters trainedin thesameenvironment.The
only exceptionappearsto be in the cleancase,wherethe light
filters performbetterby 1% relative, thoughthis is not signifi-
cant.

Critical

Band

Power

Log LDA

A
�

GC

Stages

Local

Norm

Critical

Band

Power

SQRT Env

Filters

filter

t
�
rain


s� peech


t
�
est


s� peech


Figure2: MFSGenvelopefilters replacedby LDA filters.

Train Test MFSG MFSG-LDA

clean clean 6.50 7.00
light light 12.10 12.40
heavy heavy 31.60 32.80

Table3: WER comparisonof original MFSG andMFSG 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 +
heavy heavy 55.66 57.89 +

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

Table2 containsWERscoreswhenwere-introducedcontextual
framesto the 800 hiddenunit MLP. In this configuration,we
no longerseea consistentadvantagein usingthealternatefilter
in eachtraining and testingenvironment; using the light filter
seemsto producethe bestscoresin the reverberationtestsbut
the differencesarenot significant. The heavy filter set,which
smoothesthemost,appearsto belessusefuloverall sinceit pro-
ducesthe worst scoresin all but the matchedtestingenviron-
ment.

4. MFSG-LDA

LDA providedanautomaticstatisticalmeansof generatingRAS-
TA-style filters. Thesefilters demonstratedfrequency selectiv-
ity in agreementwith previous perceptualand empirical data
[12, 14, 9]. In an effort to test the generalusefulnessof these
RASTA-style filters, we soughtto apply themin other feature
processingstrategies. The MFSG processwas developedby
Kingsbury andhasdemonstratedutility in casesof reverberation
[16, 15]. Herewe replacethetemporalenvelopefilters included
in thatprocessingwith RASTA filters derivedusingLDA, asin
figure 2. In contrastto the LDA employment in RASTA-PLP,
wedonot tapandanalyzethetrajectoriesof theamplitudespec-
tra afterthesquareroot operation,but rathercontinueto usethe
logarithm. The reasonfor this is that the amplitudespectrum
providesa poordomainwith which to applyLDA. An assump-
tion of LDA is thattheunderlyingclassdistributionsarenormal.
Applying a logarithmto theenergy envelopesproducesdistribu-
tionsthatarecloserto thenormaldistributionthantheamplitude
spectrum.Employing alogarithmis acommontechniquein nor-
malizingdatain statisticsaswell asspeechandhastheadvan-
tageof being“shape-invariant” to scalingandpowersof theraw
data. That is, a scalingof the dataappearsasan offset after a
logarithmwhile a power merelyadjuststhespreadanddomain
of thedatadistribution. We reconcileusingfilters derivedfrom
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Figure3: PLPanddeltafeaturesreplacedby LDA filteredfea-
tures.

Train Test PLP+� s PLP-LDA

clean clean 7.80 8.80 -
light light 16.20 17.60 -
heavy heavy 46.10 40.40 +

Table5: WER comparisonof original PLPandPLPwith LDA-
derived filters. MLP trainedon a singleframeof acousticfea-
tures.

Train Test PLP+� s PLP-LDA

clean clean 70.75 74.65 +
light light 62.05 67.74 +
heavy heavy 45.59 53.48 +

Table6: Frameaccuracy comparisonof original PLP andPLP
with LDA-derivedfilters. MLP trainedasingleframeof acoustic
features.

logarithmdatain thesituationwherethesquareroot is usedby
noting that a main effect of memorylessnonlinearitiesof this
typeis thecreationof harmonics;thefundamentalmodulations
remain. Whatarguablyremainsessentialis the preservation of
modulationratesthatareimportantto discrimination.

Theoriginal envelopefilters usedwere0-8 Hz and2-16Hz IIR
filtersandwerearrivedatthroughrepeatedrecognitiontests.Ta-
bles3 and4 show the WER andframeaccuracy resultswhen
thesefilters werereplacedby thefirst two LDA componentsde-
rived from thematchedtrainingenvironment. The frameaccu-
racy is consistentlybetterby between1% and4% relativewhen
usingtheLDA filters. This wasalsoobservedin almostall mis-
matchedtrainingandtestingconditionsnot shown here. How-
ever, wedonotseeanimprovementin WER;theuseof LDA fil-
tersyieldsdegradedperformancethoughnotstatisticallysignifi-
canthere.Theparadoxicalimprovementin frameaccuracy with
an accompanying penaltyin WER wasconsistentin all of our
testswith MFSG, including thosewherewe removed the con-
textual framesto theMLP. ThefactthattheLDA filterswerede-
signedfor phonediscriminationratherthanwordrecognition,as
theoriginalfilterswerearrivedat,maycontributeto thediscrep-
ancy. Thismaybefurthercomplicatedby addednon-lineartem-
poral processinginherentin the automaticgain control (AGC)
stagesin MFSG.It is notuncommonto witnesspositivegainsin
frameaccuracy leadingto negativeonesin wordrecognitionand
viceversa.An investigationof confusionmatricesreveals,inter-
estingly, thatMFSG-LDA resultsin silencebeingmisclassified
moreoften thanthe original while the correctclassificationfor
the phoneclassesincreased.Unfortunately, the direct relation
betweenphoneclassificationandword recognitionis difficult to
analyze.

5. PLP-LDA

As previously noted,the logarithmof thespectralenergiespro-
videsanadequatedomainwith whichto successfullyapplytem-
poralLDA. Cepstralcomputationimplicitly includesalogarithm
followedbyadecorrelatinglineartransformationacrossfrequen-
cy bands. The resultingfeaturecomponentsalsoexhibit class
distributionsthatareapproximatelynormalandthuspotentially
suitablefor LDA. In lieu of frequency-bandRASTA filtering we
appliedthetemporalLDA techniqueto PLPcepstralcoefficients.
Whenusedin this fashion,thefilters area data-derivedreplace-
mentof the deltacalculationscommonlyusedin ASR systems
(figure 3). This mannerof LDA usewas also recentlydone
by Lieb andHaeb-UmbachusingMFCCsin phonerecognition
tasks[17]. We usethis in conjunctionwith local normalization
wherethefeaturesof eachutteranceis offsetandscaledto zero
meanandunit variance.Thiscanbeinterpretedasacombination
of CMSandautomaticgaincontrol.

Tables5 and6 show WERandframeaccuracy resultsusingPLP
with nocontextual framesavailableto theMLP probabilityesti-
matorand400hiddenunits. Thedirect,delta,anddoubledelta
featureswerereplacedwith filtering by the first threediscrim-
inant componentsfrom LDA. We seea similar patternto our
testswith MFSG wherewe obtainsignificantimprovementsin
phoneclassificationattheframelevel rangingfrom 5.5%to 17%
relative. We alsouniformly obtainedsuchframeaccuracy im-
provementsin many mismatchedtrainingandtestingconditions
aswell. Wordrecognitionimprovementsunfortunatelywerenot
asforthcomingandappearedonly in someheavy reverberation
testswheretherecognitionerrorsremainedhigh.

6. DISCUSSION

Ourexperimentswith afew stylesof preprocessingrevealacon-
sistentimprovementin phoneclassificationwhenusingtemporal
LDA. This supportsphonerecognitionresultsreportedin [17].
Wealsoobtainedsimilarresultsin pilot phonerecognitionexper-
imentsusinganunconstrainedgrammarandtwo-stateminimum
durationmonophonemodels. Our MFSG testswith a 100 ms
input context to the MLP yieldedbetween1% and6% relative
phoneerrorreductionwhensubstitutingin theLDA filters. Like-
wise,usingLDA in lieu of deltafeaturesin ourPLPtestswith a
singleframeinput to theMLP yieldedbetween4%and7%rela-
tive improvement.Word recognitiontestsindicatedmixedben-
efit. Our testswith RASTA-PLP andLDA filters suggestthat
thereis benefitin using temporalfilters tunedto the reverber-
antenvironmentin which theASR systemis trainedandtested.
This is most apparentin our testswherethe MLP probability
estimatorhadaccessto only a singleframeof acousticfeatures.
Thisadvantageis mitigatedwhenwetraintheMLP with a larger
context of adjacentacousticframes. With 100 ms of acoustic
features,theMLP implicitly performsnon-lineartemporalfilter-
ing, theparametersof which arelearnedthroughdiscriminative
training. We caneffectively considerthis a duplicationof ef-
fort with the discriminative linear filters derived throughLDA,
thoughotherfactorsprobablyexist. Oneof themotivationsfor
our useof temporalLDA wasto insertanotherlevel of discrim-
inative trainingalongthetemporaldimensionin additionto the
spectrallyrelateddimension;in a sense,discriminatively span-
ning the time-frequency plane. With a wide enoughsequence
of acousticfeatures,our MLP mayalreadyprovide aneffective
coverage.Judicioususeof tunedtemporalfilters maystill ben-
efit ASR systemswherethe allowing a wider acousticcontext
to theprobabilityestimatorbecomesprohibitively expensive or



undesirabledueto insufficient trainingdata.

In our MFSGandPLPtests,theimprovedframeaccuracy does
notproduceconsistentWERimprovements,morefrequentlythe
opposite. As the temporalfilters were derived throughphone
discriminationon data, it is not too surprisingto witnessthe
improved frameaccuracy. Arguably, a goodframeaccuracy is
neededfor a good WER, thoughany further minor improve-
mentsthroughtuning guaranteesnothing. It is difficult to an-
alyzehow a minor changein phoneclassificationaffectsthere-
sulting word recognition. TemporalLDA hasverified that the
modulationfrequenciesof importanceto speechlie in thelower
frequencies[6, 10]. It alsoprovides an automaticdata-driven
meansof obtainingrelevantfilters for phoneclassification.Di-
rectlyobtainingfiltersoptimalfor wordrecognitionremainselu-
sive andof speculative importanceconsideringthe complexity
andvarietyof ASRsystemimplementationsandconstraints.

7. CONCLUSION

RASTA filtering, CMS,anddeltafeaturesareformsof temporal
processingthat have enhancedASR systems.LDA providesa
convenientmechanismfor deriving temporalfilters that canbe
usedin theseprocessingsteps.Further, thesefilterscanbetuned
to environmentssuchasreverberation.Our testsshow thatLDA
filters,beingdesignedto discriminatebetweenphones,cancon-
sistentlyimprove phoneclassification.Testswith RASTA-PLP
alsoindicatethat this canleadto improvementsin word recog-
nition. However, suchimprovementsmaybemitigatedor made
redundantby othermeans.For example,traininganMLP prob-
ability estimatorwith a sufficient acousticcontext in reverber-
ationyieldscomparableresultsamongdifferently trainedLDA
filters. Further, word recognitionimprovementswerenot forth-
comingin testsusingalternatepreprocessingconfigurationssuch
asMSFGandPLP-cepstraevenwhile frameaccuracy wasmain-
tainedor improvedupon.A commonthemewith temporalfilter-
ing is theenhancementandpreservationof thelowermodulation
frequenciesup to about16 Hz. The further specificparsingof
this range,whetherby LDA or othermeans,offersminor trade-
offs amongphoneclassification,word recognition,andperfor-
mancein reverberantenvironments.
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