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ABSTRACT

In this paperwe seekto streamlinevariousoperations
within thefront endof a speectrecognizerbothto reduce
unnecessargomputationand to simplify the conceptual
framavork. First,anovel view of thefront endin termsof
lineartransformationss presentedThenwe studythein-
variancepropertyof recognitionperformancewith respect
to linear transformationgLT) at the front end. Analysis
reveals that several LT stepscan be consolidatednto a
single LT, which effectively eliminatesthe Discrete Co-
sine Transform(DCT) step,part of the traditional MFCC
(Mel-Frequeng CepstralCoeficient)front end.Moreover,
a highly simplified, data-drven front-endschemeis pro-
posedasadirectgeneralizatiorf thisidea. Thenew setup
hasno Mel-scalefiltering, anothempart of the MFCC front
end.Experimentaftesultsshav a5% elativeimprovement
ontheBroadcasiNews task.

1. LINEAR TRANSFORMATIONSIN THE
TRADITIONAL FRONT END

The front endis arelatively independentomponenof a
speechrecognitionsystem. Although the actualacoustic
modelparameterglependlirectly uponfront-endparame-
terization,researchergendto view it asa blackbox. When
testingseveraldifferentfront endstheacoustianodelstruc-
tureis seldomaltered:it is simply a matterof pluggingin
anotherfront end,re-estimatingnodelparametersandfi-
nally choosingthe onethatyields the lowestWER (Word
Error Rate).

It is importantto realize,however, that front-endde-
signandacoustianodelingarecloselycoupled.Below we
will gothroughatypicalfront endcommonlyseenn most
LVCSRsystemswith anemphasi®nconnectionbetween
thetwo components:

1. First, the Fourierspectrums warpedto compensate
for gender/speakatifferenceqVocal Tract Length
Normalizationor VTLN).

2. Thewarpedspectrums thensmoothedy integrat-
ing over triangularbins arrangedalonga non-linear

IHereVTLN andA, AA stepsarenotshawn for simplicity.
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Figurel: A Typical MFCC FrontEnd*

scale. Mel-scale,the mostcommonlyusedone, is
designedo approximatehe frequeng resolutionof
humanear whichis moresensitve atlowerfrequen-
cies. Normally 30 triangularshapedilters areused
in JRTk (JanusRecognitionToolkit).

. Thelog of thefilter-bankoutputis takento compress

thedynamicrangeof thespectrumsothatthe statis-
tics of the estimatedpower spectrumare approxi-
matelyGaussian.

. Next, cepstralcoeficientsare obtainedby applying

a DiscreteCosineTransform(DCT) to thelog filter-
bankoutputs.Thegoalis mostlyto achieve a decor
relation effect so that the subsequeninodelingus-
ing diagonalcovariancematricess morevalid. Typ-
ically, thefirst 13 coeficientsareretained.

. CepstralMeanNormalization(CMN) is commonly

usedto normalizefor the channeleffect, so we can
build a “channel-blind"acoustianodellater.

. Deltaanddouble-deltdeaturesareappendedo the

MFCC vectorto capturespeectdynamics.

. Finally, LDA (LinearDiscriminantAnalysis)canbe

usedfor dimensionalreduction. On top of LDA,

therecanbe a further diagonalizatiortransformso
that the featurevector fits betterwith the diagonal
covarianceassumptiorn theacoustianodel[4, 3, 6]

. This is also called Maximum Likelihood Linear
Transform(MLLT), which happendo be a special
caseof semi-tiedcovariancematriceq2].



It' s easyto seethatmary of the operationsn Figurel
arelineartransformationgLT). As a matterof fact, except
for FFT andlog, everythingelseis justalineartransforma-
tion. For example,Mel-scalefilterbankis a matrix multi-
plied on FFT coeficients. And thesamefor DCT.

CMN is alsolinear However, it differsfrom the oth-
ershy thefactthatit’snota globallLT. It'seitherutterance
basedor clusterbasedmeaningthat cepstraimeanis esti-
matedandsubtractedper utterance/clustemwhereasother
LTsareglobal(condition/classndependent).

Thesimplestdeltaanddoubledeltafeaturecanbecon-
sideredasalineartransformatiorover the extendedvector:

T Xo 1 0 0 )
Am = r1 — o = -1 1 0 T
AAZ ro — 2.’[)1 —|— o 1 -2 1 xTro

Herexzg, z1, 24, - - - denotesa sequencef featurevectors.
Thereare other variantsof the dynamicfeature,suchas
fitting a linear regressionover a window covering several
frames.It is obviousthatthey fit in thelineartransforma-
tion cateyory in the sameway.

It’ sstriking thatlineartransformatiorplayssucha cen-
tralrole in thefeatureextractionprocessAs ary combina-
tion of linear operationss still linear, onestartsto wonder
whetherthe traditionalfront end can be simplified. Com-
bining two linear transformsper seis no problemsincea
matrix multiplicationis all we need.However, if we want
to eliminate say DCT entirely, (i.e. from bothtrainingand
decoding) we wantto ensurethat the performancevon’t
be affectednegatively. At afirst glance,this seemgo be
the case:since LDA/MLLT is optimizedfor its own ob-
jective, ary linear transformatiorbeforethem shouldnot
makeary differenceo thefinal featurevector

In the next sectionwe will formally analyzeheinvari-
ancepropertyof recognitionperformancewith respecto
lineartransformationsn the featurespace.The simplified
front endis presentedn Section3. In Section4, we try to
optimizethe Mel-scalefiltering step— anotherLT in the
front end.Experimentesultsarepresentedn Section5.

2. INVARIANCE PROPERTIES OF SPEECH
RECOGNIZERS

Undercertainmodelingschemes,ecognitionperformance
is insensitveto lineartransformationn thefeaturespace.
Two importantnotes:

e Theboundanbetweeracoustionodelandfront end
is notclearcut. Fromnow on,wewill considelLDA
and/orMLLT partof theacousticmodelingscheme,
ratherthanLTs in the featurespace,unlessstated
otherwise.

¢ Whencomparingwo differentfront endsretraining
is a must. Thusinvariance hereafteralwaysmeans
invarianceafterretraining.

For a simpleexample,considerdiagonal(not diagonaliza-
tion!) LT, i.e. stretching/compressirepchdimensioninde-
pendently Althoughthe measuredikelihood will change
for sure,recognitionperformancevon’t be affectedunder
mostmodelingschemesln fact, thatis why CMN schemes
neednotworry aboutwhetherto normalizethe varianceto
1 or 0.5,s0long asit is consistentlynormalized. But for
general Ts,adetaileddiscussions in ordet dependingn
theparticularacoustianodelingscheme:

1. PlainDiagonal-Caariance:invariantonly to diago-
nalLT

Diagonalcovarianceassumesndependencamong

featuredimensions Any scalingof a certaindimen-

sionwill beabsorbedsscalingof thecorresponding
varianceparameteof the Gaussian:

X ~ N(p,0?) = aX ~ N(ap, (ac)?)

whereX is arandonvariable a is thescalingfactor

However, ary transformationbeyond scaling, such
asrotationandaffine transformationmayresultin a
performancalifference.

2. Full-CovarianceGaussianinvariantto all LTs

If the ML estimatefor featurevectorz,z € R? is
(u, X), afteralineartransformatiory = Az, theML
estimatefor y becomeg Ay, AX.AT). For ary test
vectorz,

plal,X) = |A| * p(Ax|Ap, AXAT)

It is clearthatthe likelihood is scaledby a constant
|A]. Thiswill notaffectdiscriminationamongmod-
els. Thereforerecognitionperformanceavon’t be af-
fected,althoughsomehard-wireddecodermparame-
tersmay needto be adjusted(beamsize,language
modelweight,etc.)

3. Semi-Tied Covariance MLLT: invariantto all LTs

Noteafull covariancematrix canbe decomposeds
adiagonalcovariancematrix plusa rotation

Y =Un U7

whereY.; is the diagonaltermand U is a rotation
wut =1).

By assigningeachmodela diagonalterm andtying
the rotation matrix among models(which may no
longerbearotation),we getthesemi-tiedcovariance
[2], and/orheteroscedasticDA [4]. All parameters
areestimatedn the ML fashion[3].

As in thefull covariancecase lineartransformation
in thefeaturespacey = Az resultsin

py = Ap B, = AXAT = AUR,UT AT



and
p(zlp, Xa, U) = |A| * p(Az|Ap, Xg, AU)

Thusit is alsoinvariantto LT.

4. DiagonalCovariancet+ LDA: invariantto all LTs?

LDA wasinitially introducedas a dimensionalre-
ductiontechniquehattriesto retainmostof thedis-
criminationpowerin areducedspace.

Thecriterionfor choosinghe LDA matrixis

|BY, BT |

arg Hlé_iX m

whereY, is the between-classcattemmatrix, ., is
thewithin-classscattematrix.

Note the LDA solutionis not unique,i.e. if B is
found to maximizethe criterion, AB is alsoa so-
lution, solong as A is non-singular In otherwords,
LDA only definegheoptimalsubspaceggardles®f
ary transformatiorwithin thatsubspaceThisis ex-
actlywhy it helpsto have anadditionaldiagonaliza-
tion transformon top of LDA. However, givenapar
ticular LDA implementatiod (which usuallyreturns
a single solution),we might expectthatthe unique-
nessof thetransformis guaranteeémpirically

Underthis assumptionit’ s easyto seethatary non-
singularfeaturespacelLT A (beforeLDA) will be
absorbednto thenew LDA matrix, yielding exactly
the samefeature(andthereforethe samemodelpa-

rameters):
B |BAY, AT BT |
= argmax ————5 7
& 1BAR, AT BT |
| B, BT |
— B/A = argmgxm

3. SSIMPLIFYING THE FRONT END

When a chosenmodeling schemeis invariantto LTs in
thefeaturespacewe caneliminateunnecessaryTs in the
front endwithout ary lossin recognitionaccuray.

It's easyto seethatin thetraditionalfront end,every-
thing afterthe log canbe consolidatednto onesingleLT
(ontheextendedvectorwhichis aconcatenatioof several
adjacenframes).SinceCMN is notaglobalLT but rather
clusterdependentit cant be absorbednto the single LT
describedhbore. However, it canbeshown thatin a series
of LTs, it doesnt matterwhereexactly meansubtractioris
done?

2The LDA algorithmimplementedn JRTk is simultaneousliagonal-
ization.

3Variancenormalizationcan not be streamlinedn the sameway as
meansubtractionHowever, this maynotbeamajorproblem.

Taking the front endin Figure 1, we can seethe net
effect of CMS (CepstraMeanSubtraction)s to makethe
meanof featurevectorsequalO. We canjust aswell move
themeansubtractiorsteponestepbeforeor after: immedi-
atelyafterthelog, or afterLDA. Theresultedeaturevector
will staythesame.

This property togetherwith invariancepropertieses-
tablishedabore, allows us to consolidateall the LT oper
ationsinto a singleLT plus meansubtraction,illustrated
below:

FFT — Mel-scalefilterbank— log - CMS — LDA/MLLT

In thissimplifiedfrontend,we don't evenneedthecon-
ceptof DCT, nor that of cepstrum.Of coursejf the mod-
eling schemes diagonalcovariancewithout LDA/MLLT,
the DCT stepstill makesa differenceasit compensateto
acertainextentfor thedimensionalndependencassump-
tion.

4. OPTIMIZING THE FRONT END

Theprevioussectionconcludeshatall theL Ts afterthelog
canbesafelyconsolidatednto asingleLT. Now wewill go
onestepfurther: optimizethe front end. As statedabore,
mel-scaldilterbankis justanothetT. Thusthegeneralized
front endlookslike Figure2. Onewould naturallystartto
guestionthe optimality of mel-scale. After all, it’s moti-
vatedperceptuallyandis not necessarilyconsistentwith
theoverall statisticaframework.

Dueto thenonlinearityof thelog step,it’ s not straight-
forwardhow to optimizethisstage(LT A) directly. Instead,
we tried to leave out this stagecompletely sincethe func-
tion it senes,namelysmoothingthe spectraandreducing
dimensionalitycanwell be capturedn LT C afterthelog.
And betteryet,thatLT lendsitself to easyoptimizationin a
data-drvenfashion. This leadsto a greatly simplified and
uncorventionalfront end:the LLT front end(Figure3).
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Figure2: GeneralizedrrontEnd

Anotherway to interpretthe LLT front endis that LT
A is delayeduntil after the log, andintegratedinto LT C.
Notethatthereareactuallymoreparameterin the system
thanbefore,dueto thefactthattheLT hasto operateonthe
raw FFT spectrunratherthanits reducedepresentation.



Linear
Transform
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Figure3: TheLLT FrontEnd

5. EXPERIMENTS

Experimentsarecarriedout on the 1998Hub4eevaluation
setl. The baselinerecognizelis a quinphonesystemwith
6000distributions sharing2000 codebookstrainedusing
JRTK[1]. Thereareabout105k Gaussiansn the system.
VTLN, clusterbasedCMN, anda 7-framecontet window
areused.LDA is appliedto reducefeaturedimensionality
to 42, followed by an optional diagonalizatiortransform
(MLLT). All resultsarefirst-passdecodingresultsusinga
40k lexicon andatrigramlanguagemodel.

Table1 compareghe standardVIFCC front end (Fig-
ure 1) with the onewithout DCT. The other subtlediffer-
encebetweerthetwo is thatvariancenormalizatioris done
for the former but not the latter In both caseswe used
LDA, butnoMLLT.

In Table2 we comparedhe LLT front end (Figure 3)
with the MFCC front end. LDA+MLLT areusedin both
casesWe seea 5% relativeimprovementoy usingtheLLLT
frontend.

System | Avg | FO F1 F2 F3 F4 FX
MFCC | 21.6| 10.2| 21.8| 31.2| 343| 16.5| 31.7
w/oDCT | 21.6 | 10.2 | 20.7 | 30.8| 36.6 | 16.3 | 32.6

Tablel: WER(%)on Hub4e98Set1(bothwithoutMLLT)

System| Avg | FO | F1 F2 F3 F4 FX
MFCC | 20.0| 94| 21.1| 326 | 30.2 | 15.1| 28.3
LLT 19.0| 9.2 | 20.0| 29.2 | 27.5| 14.2| 27.2

Table2: WER(%)on Hub4e98Set1(bothwith MLLT)

The improvementshouldbeinterpretedasevidenceof
theadwantageof data-drvenmethodvertheiradhoccoun-
terparts.AlthoughDCT, Mel-scaléfiltering areeliminated
from explicit calculation,we believe their effectsarewell
capturedandevenoptimized)by theLT trainedfrom data.
For DCT, which is mainly usedto decorrelateamongfea-
turedimensionsthediagonalizatiotransformis surelydo-
ing amuchbetterjob; for the Mel-scalefilterbank,whose
effect is to smooththe spectrum,we believe it's delayed
andintegratedinto the singlelineartransformafterlog.

Also, the reasonbehindhaving both LDA andMLLT
in thetrainingprocesss thatwe don't have afeasiblesolu-
tion on how to jointly reducedimensionalityandmaximize
likelihood simultaneously

6. RELATED WORK & CONCLUSION

Like mary others,we believe thatfront-endparameteriza-
tion andacoustiomodelingshouldbe consideregointly. In
fact, thenecessityof the DCT stephasbeenquestionedy
mary researchergpr example,[5].

This paperfirst gave a novel view of the front endin
termsof linear transformation.Thenwe formally proved
theinvariancepropertyandexperimentallyverifiedthatthe
DCT stepcanbeomitted.Last,we proposed greatlysim-
plified front-endschemeto optimize the Mel-scalefilter-
bank.

Thereis still a lot to do towardsoptimizing the front
end.For example thecoeistenceof LDA andMLLT, each
optimizedfor adifferentcriterion,definitelycallsfor abet-
terintegration. It hasbeenshaowvn thatdifferentcriteriafor
the dimensionakeductionstagecanleadto betterperfor
manceg5].
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