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ABSTRACT

In this paperwe seekto streamlinevariousoperations
within thefront endof a speechrecognizer, bothto reduce
unnecessarycomputationand to simplify the conceptual
framework. First,a novel view of thefront endin termsof
linear transformationsis presented.Thenwe studythein-
variancepropertyof recognitionperformancewith respect
to linear transformations(LT) at the front end. Analysis
reveals that several LT stepscan be consolidatedinto a
single LT, which effectively eliminatesthe DiscreteCo-
sineTransform(DCT) step,part of the traditionalMFCC
(Mel-Frequency CepstralCoefficient)front end.Moreover,
a highly simplified, data-driven front-endschemeis pro-
posedasadirectgeneralizationof this idea.Thenew setup
hasnoMel-scalefiltering, anotherpartof theMFCC front
end.Experimentalresultsshow a5%relativeimprovement
on theBroadcastNews task.

1. LINEAR TRANSFORMATIONS IN THE
TRADITIONAL FRONT END

The front endis a relatively independentcomponentof a
speechrecognitionsystem. Although the actualacoustic
modelparametersdependdirectly uponfront-endparame-
terization,researcherstendto view it asa blackbox. When
testingseveraldifferentfrontends,theacousticmodelstruc-
tureis seldomaltered:it is simply a matterof pluggingin
anotherfront end,re-estimatingmodelparameters,andfi-
nally choosingthe onethatyields the lowestWER (Word
ErrorRate).

It is importantto realize,however, that front-endde-
signandacousticmodelingarecloselycoupled.Below we
will go througha typical front endcommonlyseenin most
LVCSRsystems,with anemphasisonconnectionsbetween
thetwo components:

1. First, theFourierspectrumis warpedto compensate
for gender/speakerdifferences(Vocal Tract Length
Normalization,or VTLN).

2. Thewarpedspectrumis thensmoothedby integrat-
ing over triangularbinsarrangedalonga non-linear
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stepsarenot shown for simplicity.
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Figure1: A TypicalMFCCFrontEnd1

scale. Mel-scale,the mostcommonlyusedone, is
designedto approximatethefrequency resolutionof
humanear, whichis moresensitiveat lowerfrequen-
cies. Normally 30 triangular-shapedfilters areused
in JRTk (JanusRecognitionToolkit).

3. Thelog of thefilter-bankoutputis takento compress
thedynamicrangeof thespectrum,sothatthestatis-
tics of the estimatedpower spectrumare approxi-
matelyGaussian.

4. Next, cepstralcoefficientsareobtainedby applying
a DiscreteCosineTransform(DCT) to thelog filter-
bankoutputs.Thegoal is mostlyto achieve a decor-
relation effect so that the subsequentmodelingus-
ing diagonalcovariancematricesis morevalid. Typ-
ically, thefirst 13coefficientsareretained.

5. CepstralMeanNormalization(CMN) is commonly
usedto normalizefor the channeleffect, so we can
build a “channel-blind”acousticmodellater.

6. Deltaanddouble-deltafeaturesareappendedto the
MFCCvectorto capturespeechdynamics.

7. Finally, LDA (LinearDiscriminantAnalysis)canbe
usedfor dimensionalreduction. On top of LDA,
therecan be a further diagonalizationtransformso
that the featurevector fits betterwith the diagonal
covarianceassumptionin theacousticmodel[4, 3,6]
. This is also called Maximum Likelihood Linear
Transform(MLLT), which happensto be a special
caseof semi-tiedcovariancematrices[2].



It’ s easyto seethatmany of theoperationsin Figure1
arelineartransformations(LT). As a matterof fact,except
for FFTandlog, everythingelseis justa lineartransforma-
tion. For example,Mel-scalefilterbankis a matrix multi-
pliedonFFTcoefficients.And thesamefor DCT.

CMN is also linear. However, it differs from the oth-
ersby thefact thatit’ snot a globalLT. It’ seitherutterance
basedor clusterbased,meaningthatcepstralmeanis esti-
matedandsubtractedper utterance/cluster, whereasother
LTsareglobal(condition/classindependent).

Thesimplestdeltaanddoubledeltafeaturecanbecon-
sideredasa lineartransformationover theextendedvector:��������� �
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��������
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Here !�"$#%!�&'#%!�($#')*)*) denotesa sequenceof featurevectors.
Thereare other variantsof the dynamicfeature,suchas
fitting a linear regressionover a window covering several
frames.It is obviousthat they fit in the linear transforma-
tion category in thesameway.

It’ sstriking thatlineartransformationplayssuchacen-
tral role in thefeatureextractionprocess.As any combina-
tion of linearoperationsis still linear, onestartsto wonder
whetherthe traditionalfront endcanbesimplified. 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 want to ensurethat the performancewon’t
be affectednegatively. At a first glance,this seemsto be
the case:sinceLDA/MLLT is optimizedfor its own ob-
jective, any linear transformationbeforethemshouldnot
makeany differenceto thefinal featurevector.

In thenext section,wewill formally analyzetheinvari-
ancepropertyof recognitionperformancewith respectto
lineartransformationsin thefeaturespace.Thesimplified
front endis presentedin Section3. In Section4, we try to
optimizethe Mel-scalefiltering step— anotherLT in the
front end.Experimentresultsarepresentedin Section5.

2. INVARIANCE PROPERTIES OF SPEECH
RECOGNIZERS

Undercertainmodelingschemes,recognitionperformance
is insensitiveto lineartransformationsin thefeaturespace.
Two importantnotes:+ Theboundarybetweenacousticmodelandfront end

is notclearcut. Fromnow on,wewill considerLDA
and/orMLLT partof theacousticmodelingscheme,
rather than LTs in the featurespace,unlessstated
otherwise.+ Whencomparingtwo differentfront ends,retraining
is a must. Thus invariance hereafteralwaysmeans
invarianceafterretraining.

For a simpleexample,considerdiagonal(not diagonaliza-
tion!) LT, i.e. stretching/compressingeachdimensioninde-
pendently. Although the measuredlikelihood will change
for sure,recognitionperformancewon’t beaffectedunder
mostmodelingschemes.In fact,thatis why CMN schemes
neednot worry aboutwhetherto normalizethevarianceto
1 or 0.5, so long asit is consistentlynormalized.But for
generalLTs,adetaileddiscussionis in order, dependingon
theparticularacousticmodelingscheme:

1. PlainDiagonal-Covariance:invariantonly to diago-
nalLT

Diagonalcovarianceassumesindependenceamong
featuredimensions.Any scalingof a certaindimen-
sionwill beabsorbedasscalingof thecorresponding
varianceparameterof theGaussian:,.-0/2143 #65 (*7 ��8 9 ,:-;/21 9 3 # 1 9 5 7<(*7
where
,

is arandomvariable,9 is thescalingfactor.

However, any transformationbeyond scaling,such
asrotationandaffine transformation,mayresultin a
performancedifference.

2. Full-CovarianceGaussian:invariantto all LTs

If the ML estimatefor featurevector !=#6!?>�@�A is1B3 #%C 7 , aftera lineartransformationD �0E ! , theML
estimatefor D becomes

1 E 3 # E C E�F 7 . For any test
vector ! ,G 1 !IH 3 #6C 7 � H E HKJ G 1 E !IH E 3 # E C E F 7
It is clearthat the likelihood is scaledby a constantH E H . Thiswill not affect discriminationamongmod-
els. Thereforerecognitionperformancewon’t beaf-
fected,althoughsomehard-wireddecoderparame-
tersmay needto be adjusted(beamsize, language
modelweight,etc.)

3. Semi-TiedCovariance/ MLLT: invariantto all LTs

Notea full covariancematrix canbedecomposedas
a diagonalcovariancematrixplusa rotationC �ML C A L F
where C A is the diagonalterm and L is a rotation
( LNL�FO�0P ).
By assigningeachmodela diagonaltermandtying
the rotation matrix amongmodels(which may no
longerbearotation),wegetthesemi-tiedcovariance
[2], and/orheteroscedasticLDA [4]. All parameters
areestimatedin theML fashion[3].

As in the full covariancecase,lineartransformation
in thefeaturespaceD �QE ! resultsin3�R �?E 3 C R �QE C E F �0ENL C A L F E F



and G 1 !IH 3 #6C A # L 7 � H E HKJ G 1 E !IH E 3 #6C A # ENL 7
Thusit is alsoinvariantto LT.

4. DiagonalCovariance+ LDA: invariantto all LTs?

LDA was initially introducedas a dimensionalre-
ductiontechniquethattriesto retainmostof thedis-
criminationpower in a reducedspace.

Thecriterionfor choosingtheLDA matrix isSUT<V�W�S$XY H Z[C]\�Z F HH Z[C]^�Z F H
where C]\ is thebetween-classscattermatrix, C ^ is
thewithin-classscattermatrix.

Note the LDA solution is not unique, i.e. if Z is
found to maximizethe criterion, E Z is also a so-
lution, so long as E is non-singular. In otherwords,
LDA onlydefinestheoptimalsubspace,regardlessof
any transformationwithin thatsubspace.This is ex-
actly why it helpsto have anadditionaldiagonaliza-
tion transformon topof LDA. However, givenapar-
ticular LDA implementation2 (whichusuallyreturns
a singlesolution),we might expectthat the unique-
nessof thetransformis guaranteedempirically.

Underthis assumption,it’ seasyto seethatany non-
singularfeaturespaceLT A (beforeLDA) will be
absorbedinto thenew LDA matrix, yieldingexactly
thesamefeature(andthereforethe samemodelpa-
rameters): Z�_ � S$T<V`WaS$XY H Z E C]\ EbF Z F HH Z E C ^ E F Z F H��8 Z�_ E � S$T<V`WaS$XY H ZNC \ Z F HH Z[C ^ Z F H

3. SIMPLIFYING THE FRONT END

When a chosenmodeling schemeis invariant to LTs in
thefeaturespace,wecaneliminateunnecessaryLTs in the
front endwithout any lossin recognitionaccuracy.

It’ s easyto seethat in the traditionalfront end,every-
thing after the log canbeconsolidatedinto onesingleLT
(ontheextendedvectorwhichis aconcatenationof several
adjacentframes).SinceCMN is not a globalLT but rather
cluster-dependent,it can’t be absorbedinto the singleLT
describedabove. However, it canbeshown thatin a series
of LTs, it doesn’t matterwhereexactly meansubtractionis
done.3

2TheLDA algorithmimplementedin JRTk is simultaneousdiagonal-
ization.

3Variancenormalizationcannot be streamlinedin the sameway as
meansubtraction.However, this maynot beamajorproblem.

Taking the front end in Figure 1, we can seethe net
effect of CMS (CepstralMeanSubtraction)is to makethe
meanof featurevectorsequal0. We canjust aswell move
themeansubtractionsteponestepbeforeor after: immedi-
atelyafterthelog,or afterLDA. Theresultedfeaturevector
will staythesame.

This property, togetherwith invariancepropertieses-
tablishedabove, allows us to consolidateall the LT oper-
ationsinto a singleLT plus meansubtraction,illustrated
below:
FFT c Mel-scalefilterbank c log c CMS c LDA/MLLT

In thissimplifiedfrontend,wedon’t evenneedthecon-
ceptof DCT, nor thatof cepstrum.Of course,if themod-
eling schemeis diagonalcovariancewithout LDA/MLLT,
theDCT stepstill makesa differenceasit compensatesto
acertainextentfor thedimensionalindependenceassump-
tion.

4. OPTIMIZING THE FRONT END

Theprevioussectionconcludesthatall theLTsafterthelog
canbesafelyconsolidatedinto asingleLT. Now wewill go
onestepfurther: optimizethe front end. As statedabove,
mel-scalefilterbankis justanotherLT. Thusthegeneralized
front endlookslike Figure2. Onewould naturallystartto
questionthe optimality of mel-scale.After all, it’ s moti-
vatedperceptually, and is not necessarilyconsistentwith
theoverall statisticalframework.

Dueto thenonlinearityof thelog step,it’ snot straight-
forwardhow to optimizethisstage(LT A) directly. Instead,
we tried to leave out this stagecompletely, sincethefunc-
tion it serves,namelysmoothingthe spectraandreducing
dimensionality, canwell becapturedin LT C after thelog.
And betteryet,thatLT lendsitself to easyoptimizationin a
data-drivenfashion.This leadsto a greatlysimplifiedand
unconventionalfront end:theLLT front end(Figure3).
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Figure2: GeneralizedFrontEnd

Anotherway to interpretthe LLT front endis that LT
A is delayeduntil after the log, andintegratedinto LT C.
Notethat thereareactuallymoreparametersin thesystem
thanbefore,dueto thefactthattheLT hasto operateonthe
raw FFTspectrumratherthanits reducedrepresentation.
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Figure3: TheLLT FrontEnd

5. EXPERIMENTS

Experimentsarecarriedout on the1998Hub4eevaluation
set1. Thebaselinerecognizeris a quinphonesystemwith
6000distributionssharing2000codebooks,trainedusing
JRTk[1]. Thereareabout105k Gaussiansin the system.
VTLN, cluster-basedCMN, anda7-framecontext window
areused.LDA is appliedto reducefeaturedimensionality
to 42, followed by an optional diagonalizationtransform
(MLLT). All resultsarefirst-passdecodingresultsusinga
40k lexiconanda trigramlanguagemodel.

Table1 comparesthe standardMFCC front end(Fig-
ure1) with the onewithout DCT. Theothersubtlediffer-
encebetweenthetwo is thatvariancenormalizationis done
for the former but not the latter. In both caseswe used
LDA, but noMLLT.

In Table2 we comparedthe LLT front end(Figure3)
with the MFCC front end. LDA+MLLT areusedin both
cases.Weseea5%relativeimprovementby usingtheLLT
front end.

System Avg F0 F1 F2 F3 F4 FX
MFCC 21.6 10.2 21.8 31.2 34.3 16.5 31.7
w/o DCT 21.6 10.2 20.7 30.8 36.6 16.3 32.6

Table1: WER(%)onHub4e98Set1(bothwithoutMLLT)

System Avg F0 F1 F2 F3 F4 FX
MFCC 20.0 9.4 21.1 32.6 30.2 15.1 28.3
LLT 19.0 9.2 20.0 29.2 27.5 14.2 27.2

Table2: WER(%)onHub4e98Set1(bothwith MLLT)

The improvementshouldbeinterpretedasevidenceof
theadvantageof data-drivenmethodsovertheiradhoccoun-
terparts.AlthoughDCT, Mel-scalefiltering areeliminated
from explicit calculation,we believe their effectsarewell
captured(andevenoptimized)by theLT trainedfrom data.
For DCT, which is mainly usedto decorrelateamongfea-
turedimensions,thediagonalizationtransformissurelydo-
ing a muchbetterjob; for theMel-scalefilterbank,whose
effect is to smooththe spectrum,we believe it’ s delayed
andintegratedinto thesinglelineartransformafterlog.

Also, the reasonbehindhaving both LDA andMLLT
in thetrainingprocessis thatwedon’t haveafeasiblesolu-
tion onhow to jointly reducedimensionalityandmaximize
likelihoodsimultaneously.

6. RELATED WORK & CONCLUSION

Like many others,we believe that front-endparameteriza-
tion andacousticmodelingshouldbeconsideredjointly. In
fact, thenecessityof theDCT stephasbeenquestionedby
many researchers,for example,[5].

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

Thereis still a lot to do towardsoptimizing the front
end.For example,thecoexistenceof LDA andMLLT, each
optimizedfor adifferentcriterion,definitelycallsfor abet-
ter integration.It hasbeenshown thatdifferentcriteriafor
the dimensionalreductionstagecanleadto betterperfor-
mance[5].
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