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Abstract

A growing body of recentwork documentghe potentialbenefitsof sub-bandorocessingver widebandpro-
cessingn automaticspeectrecognitionand,lessusually spealer recognition. It is often found thatthe sub-
bandapproachdelivers performanceamprovements(especiallyin the presenceof noise),but not always so.
This raisesthe questionof preciselywhen and how sub-bandprocessingmight be advantageouswhich is
difficult to answerbecausehereis asyetonly arudimentarytheoreticalframewnork guiding this work. We de-
scribeasimplesub-bandspealer recognitionsystemdesignedo facilitateexperimentatioraimedatincreasing
understanding@f the approach.This splits the time-domainspeechsignalinto 16 sub-bandsisinga bank of
second-ordéifilters spacednthepsychophysicanel scale.Eachsub-bandasits own separateepstral-based
recognitionsystemthe outputsof which arecombinedusingthe sumrule to producea final decision.We find
that sub-bandorocessindeadsto worthwhile reductionsn both the verificationandidentificationerror rates
relative to the widebandsystem decreasinghe identificationerror ratefrom 3.33%to 0.56%andequalerror
ratefor verificationby approximatelyb0%for cleanspeechThe hypothesiss advancedhat,unlike thewide-
bandsystem sub-bandrocessingffectively constrainghe free parametersf the spealer modelsto be more
uniformly deployedacrosdsrequeng: assuch,it offersa practicalsolutionto thebiashariancedilemmaof data
modeling. Much remainsto be doneto explorefully the new paradigmof sub-bandorocessing Accordingly,
several avenuesfor future work areidentified. In particular we aim to explore the hypothesisof a practical
solutionto the biashariancedilemmain moredepth.

1 Introduction

In a seminalandinfluential paper Allen (1994) haspopularizedhe earliernotion of Harvey Fletcherthatthe
decodingof speechsignalsby humansis basedon decisionsin narrov frequeny bandsthat are processed
independenthyof eachother Decisionsfrom thesefrequeny bandsare combinedsuchthat the global error
rateis equalto the productof the band-limitederror rateswithin the independenfrequeng channels.This
meansthatif ary frequeny bandyields a zero (or low) error rate— asa resultof contaminationby band-
limited noise,say— thenthe resultingglobal error rate would also be zero (or very low), regardlessof the
error ratesof the remainingbands. In the idealizedlimit, only one errorfree bandwould be requiredfor
correctrecognition. While this hascometo be known asthe FletcherAllen principle, Allen himselfrefersto



it as“the Stevart-Fletchemultiindependenthannemodel” (p.572). He furthercharacterizethe approactas
“across-timeratherthanthe moreusual“across-frequeng’ processindp.575)typified by templatematching
in automaticspeectrecognition.In this paperwe will usethetermsub-bandorocessing The positive benefits
of this new approacho speechrecognitionarestartingto be investigatecandreported(Bourlardand Dupont
1996;Hermansly, Tibrewala,andPavel 1996; TibrewalaandHermansl 1997;Hermansly andSharmal998;
Okawa, Bocchieri,andPotamiano4.998;Morris, Hagen,andBourlard1999). Thereis every reasorto expect
thatsub-bandrocessingnightalsoprofitably be appliedto spealer recognition,jmproving prospectgor real-
world applications.

Thereare,however, severalpracticalissuesandchoicesvhich have notyetbeenfully studiedandresohed:

e Thenumberlocationanddetailedshapeof the frequeny bandsmustbechosen.

e Someknawledgeof whichbandscontainthemostspealer-dependeninformationis required.Thescores
from thesebandsmight thenbe emphasized/weighted improve recognition.

e Thefeaturego beusedfor recognitionmustbedecidedbearingin mindthatfeaturesdesignedor speech
recognitionmay not be suitablefor spealer recognition(Furui 1997). (It is alsopossiblethat features
which areappropriatdor widebandspealer recognitionarelesssofor sub-bandgrocessing.)

e Therule for combinationof individual outputsmustbe decided.How, for instance might we definea
rule which implementsthe FletcherAllen principle, i.e., suchthat the global error rateis equalto the
productof theindividual, sub-bancerror rates?Further the FletcherAllen assumptiorof independent
channelss itself problematiqSteeneknandHoutgast1 999).

e The pointin the systemat which the scoresarecombinedmustbe decided.Dependingon whetherthe
testsaretext-dependentr text-independentandthetypeof recognitionsystemused,combinationcould
beattheendof aframe,phonemesyllable,word or sentence.

To date relatively few workershave studiedthis problemin the context of spealer recognition.In the con-
ferenceliterature,BesacierandBonastreg(1997),AuckenthalerandMason(1997),SivakumaranAriyaeeinia,
Hewitt, and Malcolm (1998) and Sivakumaran Ariyaeeinia,and Hewitt (1998) have all presentecempirical
resultswhich confirmthatworthwhile performancedvantagesanbe gainedfrom sub-bandgrocessingn this
application. Taken together however, theseprior works do not cover anything like the full rangeof imple-
mentationoptions,so that mary of the aforementionedjuestiongemainopen. Further thereis still only a
rudimentaryunderstandingf sub-bandrocessing- andpreciselyhow it deliversperformanceémprovements
— from a theoreticalperspectie. The aim of this paperis to describea simple sub-bandspealer recognition
systemdesignedo facilitateempiricalexplorationof (atleastsomeof) thesequestionsandto reportsomenewn
empiricalresults but alsoto fit theseinto anemeging theoreticaframewnork of datamodeling,classifiercom-
binationandinformationfusion. At this stage,andin orderto provide a baselinefor future work, we restrict
ourselhesto the studyof cleanspeech.

Theremainderof this paperis structuredasfollows. In Section2, we give a brief statemenof the spealer
recognitionproblem,anddetailthe sub-problenof text-dependentecognitionwhichis thefocusof thepresent
work. Section3 presentsa review of previous work in sub-bandspeechprocessingemphasizingspealer
recognition. Section4 describegprior work with a widebandsystemwhich forms the basisof the particular
sub-bandsystemstudiedhere,which is outlinedin Section5. Next, Section6 detailsthe several different
waysof combiningscoresavhich wereinvestigatedalthoughall werebasedon the sumrule) andpresentghe
correspondingesultswhich indicatea significantimprovementdueto sub-bandorocessingln Section7, we
developthehypothesighatthisimprovemenbccursbecaus¢éhedatamodelingproblem(here linearprediction
followed by vectorquantization)s moretightly constrainedelative to the widebandcase.Finally, Section8
discussesur findingsandinterpretshemin a dataengineeringramework beforeconcluding.

2 The Speaker Recognition Problem

Thespealer recognitionproblemcanbedividedinto spealer verificationandspealeridentificationtasks each
of which mayin turn be text-dependentr text-independentCampbell1997; Furui 1997). In verification,the



aim s to determineif a givenutterancewvasproducedby the claimedspealer. Thisis mostdirectly doneby
testingthe utteranceagainsthe modelof theclaimedspealer, comparinghescoreto athreshold anddeciding
onthe basisof this comparisorwhetheror notto accepthe claimant.In identification,theaimis to determine
which spealer from amonga known group producedthe utterance.In this case the testutterances scored
againstall possiblespealer models,andthat with the bestscoredetermineghe spealer identity. Of the two
tasks,dentificationis generallyacceptedo betheharderespeciallyfor largespealer populationgdDoddington
1985,p.1660).

In text-independentecognition,thereare no limits on the vocalulary employed by spealers. Thisis in
contrastto text-dependentecognition,wherethe presenteditterancemust be from a set of predetermined
words or phrases.As text-dependentecognitiononly modelsthe spealer for a limited setof phonemesn
afixed contet, it generallyachievzeshigherrecognitionratesthantext-independentecognition,which must
modela spealer for a variety of phonemesndcontexts. In this paper we apply sub-bandprocessindgothto
verificationandidentificationin the text-dependentase. Text-dependentecognitionwas chosenbecausef
its moreobviousapplicability, especiallyfor verification(Doddington1985,p. 1660).

Sinceidentificationis simply a matterof selectingamongspealers, typically usinga minimum distance
decisionrule, performances easily quantifiedby a singlemeasure.Thereare only two possibleoutcomes-
corrector incorrect— sothattheidentificationerror (IE) fully specifieshe situation. Thingsarea little more
complicatedwith verificationwherethe systemhasto accepir rejecta claimedspealeridentity in the faceof
potentialimpersonation Hence therearefour possibleoutcomespf which two — falseacceptancéFA) and
falserejection(FR) — areerrors. Thus,somedecisionthresholdmustbe setwhich effectsa balancebetween
thetwo typesof error. While it is possibleto devise a generalcostfunction which doesthis, we do not know
therelative costsof the two typesof errorhere.Hence they aresimply assumedo be equalandthethreshold
is setto equalizethe FA andFR rates The performancaneasuremployedis thustheequalerrorrate (EER).

3 Previous Work on Sub-Band Processing

Most currentspealer recognitionsystemsuse widebandprocessingwherebythe whole frequeng rangeis
coveredby a singlerecognitionsystem. Typically, either mel-scalecepstralcoeficientsor linear prediction
cepstrakoeficients(LPCCs)areusedasthefeatureset.In sub-bandgrocessingthe speectsignalis split into
band-limitedchannels Eachhasits own recognitionsystem,andthe final scorefor anutterances calculated
by combiningtheindividual scores.

In earlywork, BourlardandDupont(1996)investigatedub-bandrocessindor automaticspeet recogni-
tion usingahiddenMarkov model(HMM) systemwith theintentionof improving robustnessn noise.Several
parametersvereinvestigatedjncluding the numberandlocationof the bands the featuresetandthe scheme
for combiningindividual scores. They found that 4 to 5 bandsperformedwell, but that further investigation
waswarrantecbeforeary firm conclusionscould be dravn. With regardto the featureset,modelingthefilter-
bankoutputsin termsof LPCCs(with cepstraimeansubtractionvasmoresuccessfuthanusingcritical band
enegies(0.5%errorrateversus2.0%usingfour sub-bands).

Combinationstrat@ies were basedon weightedsummations.This makesintuitive senseasthe outputs
of their recognizersvereestimate®f log-likelihoods. As well asunweightedcombinationthey alsostudied
weighting by the (normalized)phoneme-leel recognitionratesin eachbandandby (normalized)signal-to-
noiseratios in eachband. Becaus€'it is often arguedthat the recombinationmechanisnshould be non-
linear” (p.427), Bourlard and Dupontalsouseda multilayer perceptron(MLP) trainedto estimateposterior
probabilitiesof speechunits (giventhelog-likelihoodsof all sub-bandsndall speectunits) for scorecombi-
nation.Of thesethe MLP gave thebestresultsbut the otherweightingschemeslsoperformedwell compared
to the widebandsystem. Although sub-bandprocessinggave betterresultsthan widebandprocessingvhen
narronv-bandnoisewaspresentjt gave poorerrecognitionratesthanawidebandsystemusingJ-RASTA noise
cancellatior(Hermansk andMorgan1994).However, usingJ-RASTA first, followedby sub-bangrocessing,
ledto lower errorratesthanfor thewidebandsystem(9.1%versusl2.1%)

SubsequentlHermansl in particular(1998)hasarguedstronglyfor theadvantage®f sub-band;across-
time” processingn robustspeecirecognition.In his view, thekey benefitis the applicationof auditoryknowl-
edge(cf. the FletcherAllen principle) asagainst'the blind implementatiorof scatterediccidentaknowledge



whichmaybeirrelevantto aspeechrecognitiontask” (p. 3). With colleaguesHermansk haspursuedhisidea
in a seriesof publications(Hermansl, Tibrewala,andPavel 1996; TibrewalaandHermansk 1997;Herman-
sky and Sharmal998). One developmenthasbeenthe full combinationmethod(Hermansl 1998; Morris,
Hagen,and Bourlard 1999) wherebythe assumptiornof independencdetweenchannelscan be avoided if
a separateneural/HMMrecognizeiis trainedon eachpossiblecombinationof sub-bandsThis idealizationis
computationallyprohibitive but useful,practicalapproximationg@representedby Morris, HagenandBourlard.

Turning now to spealer recognition,Besacierand Bonastre(1997) appliedsub-bandprocessingo text-
independenidentificationwith cleanspeechTestswerecarriedoutonall 630spealersof the TIMIT database,
using the phonetically-compacf(SX) sentencedor training and the dialect (SA) and phonetically-rich(SI)
sentencefor testing.They usedspectraknepiesin sub-bandsisthebasicfeatureset. A total of 24 “channels”
wascreatedusing“mel-scaletriangularfilterbankcoeficients” (p. 196) calculatedrom the WinogradFourier
transformpower spectrumand expressedin logarithmic scale” (p.197). (Terminologyhereis potentially
confusing.We usechannelasa synorym for sub-bandbut BesaciemndBonastres sub-bands a combination
of channels.) Channelswere groupedin variouswaysto produce“sub-bands”in their terms. Recognition
wasbhasedn second-ordestatisticalmeasure¢Bimbot andMathan1994)with a 1-nearesheighbordecision
rule. The combinationstrat@y wasto computethe arithmeticmeanof the separatesub-bandlistancesafter
3 secondsndafter 6 secondof speech.

Initially, channelsveregroupedn overlappingsetsof four to create21 sub-bandasfollows. Sub-bandL
encompassedhannelsl-4, sub-band® coveredchannel®-5, etc. Besacierand Bonastrefound that certain
sub-bandscontainedmore spealer-specificinformation than others: in particular the low-frequeng region
belov 600Hz andthe high-frequeng region abore 2kHz. This helpsto explain the poorerperformanceates
for telephone-qualitgpeeche.g.,Naik, Netsch,andDoddington1989),wheresomeof thesecritical high and
low frequeng regionsareabsent.

A variety of architecturesvas studiedin which differentnumbersof sub-bandsvere included/ecluded.
(Unfortunately BesaciemandBonastredo notreportcomparisonsvith asingle,widebandsystem.) They found
that sub-band$ormedfrom consecutie channelq1,2,3,...) gave far betterresultsthanthoseformedfrom
“crisscrossedthannelq1,3,5,...). Hencethey write, “the correlationdbetweerclosechannelsareimportant
whensecond-ordestatisticalmeasuregareused”(p.201). They alsofoundthatperformancalecreaseevhen
the sub-bandbecamesmaller(in termsof numberof channelsandmore numerous.This wasfelt to reflect
theconcomitanteductionin the numberof parametersisedto modela spealer.

A similarapproacthasalsobeendescribedy AuckenthalemndMason(1997). They usedspectrabnalysis
to generate32 bins(cf., BesaciemndBonastres “channels”),which weregroupedtogethelin varyingsizesto
form sub-bandsUsingawarpingfunctionto createapproximatelyequalidentificationerrorratesfor eachband,
they found thatfor text-dependenspealer identificationexperiments,sub-bandprocessinggave comparable
resultsto widebandprocessing.

SivakumaranAriyaeeinia,Hewitt, andMalcolm (1998)and SivakumaranAriyaeeinia,andHewitt (1998)
concentratean the weighting schemeto be usedin conjunctionwith the sumrule of scorecombinationin
spealer verification. They proposethe useof “dynamic” weights,computedrom competingspealer models.
Variousverificationsystemsweretrainedon 10 repetitionsof the tendigits from 20 malespealersin the Mil-
lar databaséseenext section). Then, usingfour (overlapping)mel-spacedandsand dynamiccombination
weights,an equalerrorrate (EER) of just under10% wasachiezed for 15 unseerrepetitionsof the ten digits
from the same20 spealers. The correspondindigure for a full-bandHMM systemwasapproximatelyl5%.
The sub-bandsystemperformedfar betterwith addednoise,however. One-thirdof the utterancesvas con-
taminatedvith narravband(0—600Hz) noise.At 0 dB signal-to-noiseatio, the full-band systemgave anEER
of approximately29% relative to just over 10% for the sub-bandsystem. This confirmsthe effectivenessof
de-emphasizingegionsof the spectruncontaminatedy noise.

4 Prior Work with Wideband System

Sinceour sub-bandsystemis basedon our earlierwidebandrecognizer(Finan, Sapeluk,and Damper1997),
we briefly describeprior work with thatsystemhere.



4.1 Database

TheBritish TelecomMillar databasevasspecificallydesignedandrecordedor text-dependenspealer recog-
nition studies. It consistsof 46 maleand14 femalenative Englishspealersrepeatinghe wordsoneto nine,

zeo, noughtandoh 25 timeseach. The databasevasrecordedn five sessionspacedver threemonths. At

eachsessiongpealerswerepromptedvisually to saythe wordsin arandomorder Recordingsveremadein

a quietervironmentusinga high-qualitymicrophone.The speechwasdigitized at a samplingrate of 20kHz

with a16-bit A/D corverter As well asthe20kHz recordingthedatabas&vasalsomadeavailableatan8kHz

samplingrate.In this latterversion,the speecthasbeenbandpassetb 3.6kHz with a third-orderButterworth
filter andthendownsampledOnly the 8 kHz versionwasusedin the experimentseportedhere.

4.2 Implementation of the wideband system

The featuresetusedfor recognitionconsistedof cepstralcoeficientsderived from linear predictionanalysis
(Markel andGray1976;Piconel993;Schroeded999). Cepstrakoeficientsarewell recognizedasoneof the
bestspeectrepresentationfor both spealer andspeectrecognition(Furui 1997). Using an analysisframe of
20ms, Hammingwindowed and overlappingby 50%, 12th orderlinear predictorcoeficientswere obtained.
Thesewerethenusedto createcepstralcoeficientsvia therecursiondescribedy Atal (1974).

Spealer modelswereproducedy vectorquantizationVQ) with acodeboolsize(determinecempirically,
seeFinan1998)of 32. VQ hasbeenusedextensiely for both text-dependenandtext-independenspealer
recognition(Rosenbeg andSoongl1987;Booth, Barlow, andWatson1993;Yu, Mason,andOglesby1995). It
is a datareductiontechniquein which similar vectorsaregroupedtogetherandrepresentedby their centroid.
Thegroupingis repeatedteratively until the distance(seebelown) betweeneachvectorandits groupcentroid
hasbeenminimized. Thesecentroidsmake up the codebookwhich modelsthe data,and their numberwiill
determinethe accurag of the modeling. The standard.BG algorithm (Linde, Buzo, and Gray 1980) was
appliedto calculatethecenters.

Distanceshetweenvectorsj andk (codebookcentersor testutterancerames)were calculatedusingthe
‘city block’ measure:

12

d(j. k) =Y |cij — cik]

i=1

whereg;j is theith cepstralcoeficient of vector j, similarly cj for vectork. (As usual,co wasdiscarded.)
Whentestingan utteranceagainsta VQ spealer model, the utteranceand model arefirst optimally aligned
by dynamictime warping. The city-block distanceis thensummedover the total numberof alignedframes,
i.e., alongthe optimal path. This sumwasthenaveragedover the numberof alignedframesto give thefinal
score. The decisionrule was simply to selectthe spealer providing the bestscoringsequencef codebook
vectors.

4.3 Impostor cohort normalization

Verificationrecognitionratesmay beimprovedthroughthe useof scorenormalization(Furui 1997).For some
of thetestsreportedhere,impostorcohortnormalization(ICN) wasused.The ICN derivedscoreshave better
equalerrorratesthanthe un-normalizedscoreqFinanetal. 1997)

ICN is basedon thefactthatthe genuinespealer scoreremainsfairly stablerelative to theimpostorscore
distribution, althoughthe impostorscoredistribution itself may vary considerably(Li andPorter1988). The
scoredrom the impostormodelsareusedto normalizethe genuinespealer modelscore.So eachutterances
presentedo the genuinespealer modelanda limited setof impostormodels. The genuinespealer scoreis
thennormalizedby the meanandstandardieviation of theimpostorscoresasfollows:

%en — Mcoh

e 1)
SDcoh

where Scn is the normalizedscore,Syen is the original genuinespealer modelscoreand meon and SDcoh are

themeanandthe standardieviation of theimpostorcohortscoresyespectiely.

Scn =



| | IE(%) || FA(%) | FR(%) | EER(%) |
All 31spealers|| 4.73 5.95 5.03 5.92
12 spealers 3.33 10.10 | 8.89 10.00

Tablel: Comparisorof theidentificationandverificationresultsfor the full databasef 31 malespealersand
restricteddatabasef 12 malespealersfor the word sevenwith thewidebandsystem.

Notethatthis normalizatiorproceduresomavhatblursthetraditionaldistinctionbetweeridentificationand
verification. ICN works by usingidentification: it looks at the genuinespealer scorein relationto thosefor
otherspealers. Thatis, the scoresfrom the other modelsare usedto normalizethe testagainstthe genuine
spealer model. If the utterancds from the genuinespealer, this shouldgetthe lowestscore(asin identifica-
tion).

In theexperimentscarriedouthere the six mosteffectiveimpostorswvereselectedo form thecohort(Finan
1998). Thenthebestfive impostorswereselectedor a spealer’s cohortunlesghatspealerwasalsoamember
of thecohort,in which casethe sixthimpostorwasused.Thus,no spealer waspartof his/herown cohort.

A relatedtechniquds to employ ‘world’ or ‘background’'models(e.g.,Carey andParris 1992; Matsuiand
Furui 1995; Rosenbeg and Parthasarathyt996;Reynolds1997)— eithera compositeconstructedor a subset
of spealersor oneperbackgroundpealer. Verificationis thenon the basisof thelik elihoodratio betweerthe
scorefor theclaimedspealer's modelandthatfor the compositeor theaveragefor thebackgroundpealers,as
appropriate This obviatesthe needto seta decisionthreshold.With the systemdescribechere,this approach
did notwork aswell ascohortnormalization(Finan1998).

4.4 Resultsof wideband recognition

In previouswork, 31 malespealersof the sameagegroup(20-29yearg sayingthewordsoneto nineandzeo
wereused(Finanetal. 1997).Male spealkersalonewereusedasthisrepresentagenerallyharderidentification
problemthanusinga mixed male/femaleset. A selectionof the spealers (ratherthanthe full setof 46) was
usedbecaus®f the computationatomplexity of the softwaresimulation. Fromtheseexperimentsjt became
clearthatsomespealersweremoreproblematichanothers.Thesepoorerspealers,oftenreferredto asgoats
— from the adag€'sorting the sheepfrom the goats” (Doddington,Liggett, Martin, Przybocki,and Reynolds
1998)— areresponsibldor mostof the errorsencountered Thompsonand Mason1994). For the sub-band
experimentgeportedshortly, asubsebf 12 of themalespealerssayingtheword sevenwaschosen8 problem
spealersand4 others. A smallersetof spealers(12 ratherthan31) wasusedbecausef the muchincreased
computationabomplexity of sub-bandelative to widebandprocessing.The 8 poor spealerswerethosewho
performedworstin the earliertests.The other4 werechoseratrandom.Recordinggrom thefirst two sessions
(i.e.,10repetitionsof seven) wereusedfor trainingandthosefrom theremainingthreesession$l5 repetitions)
wereusedfor testing.

A comparisorbetweerthe resultsusingthe 31 male spealersandthis smallersubsef 12 for the wide-
bandsystemis givenin Tablel. In this table,we reportfalseacceptancéFA) andfalserejection(FR) rates
for verificationin additionto EER. AlthoughFA andFR shouldnominally be equal,in line with the definition
of EER,therearedifferencegdueto discretizatiorerrors. EER wasindividually seton perspealer basis,and
theperformanceneasureserethenaveragedacrosshe 12 spealers.For testswith genuinespealers,thereare
only 15repetitionsof sevenbut for testswith impostorstherearel5 repetitionsrom eachof the 11 impostors,
i.e., 165testutterancesThus,the EERis muchcloserto the FA ratethanto theFR figure. Thedeterioratiorin
EERIn thesub-bandasecomparedo thewidebandcasereflectstherelativeincreasen problemspealers. The
decreas@ identificationerroris to beexpectedastherestricteddatabasbaslessthanhalf thenumberof speak-
ersof thefull databaseandidentificationerrorincreasesvith populationsize (Doddington1985;Furui 1997)
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Figurel: Block diagramof the LPCC-basedub-bandrocessingystem.

Sub-band|| CenterFrequenyg (Hz) | Bandwidth(Hz)
1 83 101
2 176 102
3 280 106
4 396 111
5 526 119
6 671 130
7 833 144
8 1015 164
9 1218 188
10 1446 218
11 1700 254
12 1985 298
13 2303 351
14 2659 415
15 3057 490
16 3502 580

Table2: Centerfrequencieandbandwidthsfor the 16 sub-bands.

5 Implementation of Sub-Band Processing

Figure 1 depictsa block diagramof the sub-bandspealer recognitionsystem. Componenpartswill be de-

scribedanddiscussedn turn. No claim is madethatthis systemis state-of-the-art Rather it is intendedas

a simpleyet adequaterehiclefor the study of the sub-bandapproach- allowing a rangeof implementation
detailsto bevariedandassessed.

5.1 Filterbank

The widebandspeectsignalis split into 16 bands,equally spacedn frequeng accordingto the mel scale—
a non-linearscalebasedon the humanauditory system(Zwicker and Terhardt1980). Sucha scalewasused
by Besacierand Bonastre(1997), but not by Bourlard and Dupont (1996) who usedfewer sub-bands.The
choiceof 16 bandsmay not be optimal, but was chosenin light of Allen’s (1994) comment: “It hasbeen
reported... that10 bandsis too few, and 30 bandsgivesno improvementin accurag over 20” (p.572). The
centerfrequencieandbandwidthsof the 16 filters aregivenin Table2.

The filters were second-ordeButterworth bandpassvith infinite impulserespons€lIR), designedusing
thebilineartransformmethoddescribedn Owens(1993)andDamper(1995). Filtering wasperformedn the
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Figure2: Characteristicef the 16 bandpaséilters.

timedomainby directcalculationfrom thedifferencgrecurrencegquation. Theadwantageof lIR filtersis their

easeof designandimplementationthe disadwantagds thatthey have anon-linearphaseresponseThe effect
of this ontheresultsof recognitionremainto be ascertainedT hefilter characteristicaredepictedn Figure2.

Notethatin this simpleschemethedegreeof overlapof adjacenfilter skirtsis uncontrolled althoughthe point
of crossw@er is never too far from —3dB. As thefilters areonly second-orderthereis considerableverlap
atthe level of —10dB, for instance.However, the higherthe order of the filter, the more polesof the linear
prediction(LP) analysiswould berequiredto modelthefilter ratherthanthe speechThus,it wasa deliberate
decisionto uselow orderfilters.

5.2 Individual recognizers

Theindividual recognizersvereidenticalto the widebandsystemdescribedoy Finanetal. (1997)andabove
(Sectiord.2),aswerethetrainingandtestconditions.

5.3 Scorecombination

Scorecombinationis a particular restrictedinstanceof a datafusion problem.As statedabove, initial work in
sub-bandspeechprocessingBourlardand Dupont1996) usedweightedsummatiorto combinescores.This
wasintuitively satisactory because¢heindividual scoresvereestimate®f log-likelihoodsandthisformulation
has subsequentlypeenimproved in the so-called‘full-combination’ approach(Hermansk, Tibrewala, and
Pavel 1996; Hermansk 1998; Morris, Hagen,andBourlard1999). However, otherwork (e.g.,Sivakumaran,
Ariyaeeinia,andHewitt 1998) hassometimesetainedthis formulationeventhoughthe scoreswerenot log-
probability-like. In our case,scoresare city block distancesso it is not immediatelyclear that weighted
summationis the bestcombinationtechnique.

Very recently Kittler, Hatef, Duin, andMatas(1998) have placedthe problemof combiningpatternclassi-
fiersonasoundetheoreticafooting. Kittler etal. startfrom theempiricalfactthat(p.226)“dif ferentclassifier
designs”offering “potentially complementarynformation” can be combinedto improve performance.(See
Bowles, Damper andLucas1988for an early demonstrationn the realmof speechrecognition.) However,



“thereis presentlyinadequateinderstandingvhy somecombinationrschemesrebetterthanothersandin what
circumstances{p. 226). Thus,Kittler etal. outlinea numberof possiblerulesof combination- viz. product,
sum,max, min, medianandmajority voterules— andtheassumptionbehindthemaswell asrelationsbetween
them. Theseruleswerethencomparedempirically for performanceon the representatie patternrecognition
problemsof personidentification (combiningtwo faceviews and voice) and handwrittendigit recognition
(combiningfour differentclassifierdesigns).It wasfoundthatthe sumrule performedconsistentlywell. On
the personidentificationtask, it achieved an EER of 0.7% relative to 1.2% for the next best(median)rule
and 1.4%for the bestsingle modality (speech).On the handwrittendigit task, it gave a classificatiorrate of
98.05% which wasthe second-bedigureafterthemedianrule (98.19%).Thesecomparewith 94.77%for the
bestindividual (HMM) recognizer

Kittler etal. expresssurprisethatthesumrule producesthe mostreliabledecisionsgiventhatit “hasbeen
developedunderthe strongestassumptions(p.235). Specifically the statisticalassumptionsre conditional
independencef therespectie representationssedby theindividual classifiersandhighly ambiguouslasses
(suchthat obsenationsenhancethe a priori probabilitiesonly slightly). It is shavn theoreticallythat the
sumrule is muchlesssensitve to estimationerrorsthanthe productrule, a factwhich is consistenwith the
experimentalfindings and almostcertainly explains the “surprising” superiority of the sumrule. For these
reasonsye have choseno usea sumrule here,but recognizethat future work shouldbe directedat a more
thoroughinvestigationof differentscorecombinatiormethodsn sub-bandspealer recognition.

6 Resultsof Sub-Band Recognition

In thiswork, the numberof sub-bandsndtheir centerfrequenciesverefixed. Also, asdetailedin Section5.3,
we usethe sumrule of combination- bothwith andwithout weighting— to producethefinal score. The most
straightforvard method however, is unweightedsummation.This wasthe only combinationstrateyy usedby
BesacielandBonastrg1997)andoneof severaltestedby BourlardandDupont(1996).

6.1 Unweighted combination

Theaverageverificationscoregcomputedasin equationl) for thetestdataandtheir averagestandardleviation
aredepictedfor eachof the 16 bandsin Figure3. As thescoresareall quite similar, it seemghatno particular
bandwill dominatethe (unweighted)sum. The resultsusingthe simple,unweightedsumrule of combination
are shavn in Table 3 (bottomrow). Comparedwith the performanceof the widebandsystem(top row of
Table3 andbottomrow of Tablel), it is clearthatsub-bancdprocessindeadsto a consistenimprovementfor
all the performancemeasuresFor instance jdentificationerror falls from 3.33%to 0.56% (a decreasdérom
6 misclassifiedutterancego just 1). As theidentificationerroris alsoimportantto the scorenormalization
(seeSectiond.3 above), the ICN equalerror ratereflectsthis with a drop from 3.66%for the widebandcase
to 1.39%for the sub-bandtase.

Sinceonly two outcomesarepossiblefor identification— eitherthe spealeris corrector not—the sampling
distribution of theseerrorsis binomial. Hence,we canusea binomial test(Siegel 1956, pp.36—38)to deter
minethe significanceof the above differencesThe probability of observingk or fewer errorsin n trials when
samplingfrom a binomialdistribution with meanerrorprobability e is:

k
plo=> "Cie@-o"" 2)
r=0

where"C; is the binomial coeficient. For the caseof identificationerror, n = 180utterancese = 0.101, and
k = 1. Thisyields p(1) = 0.01613asthe probability that one or fewer identificationerrorscould have been
obtainedby chancef therewereno differencebetweerthe widebandandsub-bandlistributions,i.e., thedif-
ferences significantatthe2% level. Hence sub-bangrocessindeadsto significantlyimprovedidentification
performancen this case.

The statisticalsignificanceof the verificationperformancaneasuresvasassessedn the samebasis,and
the resultsare given on the last line of Table3. As k in equation2 is not necessarilyinteger in this case
(becausef the averagingacrossspealerswith differentdecisionthresholds)it is replacedoy the next largest
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Figure3: Meanverificationscoresandtheir standardleviationsfor eachsub-band.

| | Un-normalized I ICN |
IE (%) || FA (%) | FR(%) | EER(%) || FA (%) | FR(%) | EER(%)
Wideband 3.33 10.1 8.89 10.0 3.84 1.67 3.66
Sub-band 0.56 5.30 4.00 5.19 1.52 0.0 1.39
Significance|| * % * * % % NS Kk NS NS *

Table3: Comparisorof the widebandandsub-bandprocessingesultsusingthe unweightedsumrule. (KEY:
x % * — highly significantat 2% level; xx — significantat 5% level; x — maminally significantat 10%level; NS
—notsignificant.)
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Figure4: Exampleshaving thatsub-bandrocessingmprovesidentificationof Spealer 1. The self-testscore
is thelowestobtainedwith sub-bangrocessingsothatSpealer 1 is correctlyidentified. Thewidebandsystem
erroneouslydentifiesSpealer 6, andSpealer 10 alsohasalower scorethanSpealer1 (**' = widebandscores,
‘0’ = averagesub-bandscores).

integer, [k]. In theun-normalizedtasetherearerespectiely highly significantandsignificantreductionsn FA
(p = 0.00179 andEER (p = 0.0245(Q dueto sub-bandprocessingThereductionin FR is of the sameorder
(approximatelyp0%)but s farfrom significancg p = 0.6096 becausef themuchsmallemumberof genuine-
spealertests(15 asopposedo 165impostortests).Whenimpostorcohortnormalizationis used however, the
resultsare lessimpressie, reflectedin mamginal significancefor EER only (p = 0.100). PresumablylCN
effectively removes someof the potentialfor achieving gainsthroughsub-bandorocessing.It seemdikely
thattestingwith alargernumberof utterancesvould have producedmoreobviously significantimprovements
for ICN, but the considerabléime necessaryo simulatethe sub-bandystemprecludedhisin practice.

Particularillustrationsof theadvantage®f sub-bangrocessingn reducingdentificationerrorraterelative
to the widebandsystemare given in Figures4 and5. The figuresshav the identificationscoresfor two
utterancesisingbothwidebandandsub-bandrocessingvhentestutterancesverepresentedo all 12 spealer
models.(As thetaskis identification themodelwith thelowestscoredeterminedhespealer.) In thewideband
casetheutterancdrom Spealer 1 is attributedto Spealer 6 (Fig. 4), andin the secondexamplethe utterance
from Spealer 10 is attributedto Spealer 8 (Fig. 5). However, usingan unweightedsumcombinationstrateyy,
thesub-bandystemattributestheutteranceso thecorrectspealers.In bothexamplesthe utterancestill scores
bestagainsthesamempostormodel,but thescoreagainsthegenuinespealermodelis evenlower. Thedirect
implicationis thatsub-bandrocessingroduces bettergenuinespealer modelin thesecases.

6.2 Weighted combination

Here,we attemptto usesomemeasuref eachbandsoverall‘importance’to weightits contributionto thesum.
This is similar to Bourlard and Dupont’s weighting on the basisof a bands phonemerecognitionaccurag.
Weighting schemeswere investigatedusing: (1) identificationerror and (2) equalerror rate. The lower the
identificationerror or equalerror rate for a sub-bandthe greaterthe weighting. Eachsetof weightswas
normalizedsothatthey summedo 1.
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Figure5: Furtherexampleshaving how sub-bangrocessingmprovesidentificationof Spealer 10 compared
to thewidebandsystemwhich erroneouslydentifiesSpealer8 (**' =widebandscores;o’ = averagesub-band
scores).

In both casesthe weightcould be determinedn threeways: onea priori andthe othertwo a posteriori
With a priori weightings,only the resultsbasedon the training datacan be used. This works for the EER,
but the identificationerror rate on the training datais zero, soit could not be usedfor (1) above. The two
a posteriorimethodsnvolve the testdataonly andthe testdatacombinedwith thetraining data,respectiely.
Figure 6 shaws the variationof identificationerrorandequalerror rateacrossthe 16 bandsusingeachof the
threepossibleevaluationmethods:training setonly, testsetonly and combinationof training andtest sets.
Thesemeasuresf spealer recognitionaccurag werethenusedto generataveights(normalizedto sumto 1),
which arepresentedn Figure?7.

In the event, however, noneof the weightingschemegave ary improvementover the unweightedesults,
reflectingthefactthattheweightsdo notdiffer very muchfrom eachother This mayindicatea certainamount
of robustnessn the system suchthat small variationsin individual scoresdo not seemto affect the overall
scoremuch. Thesituationmay; of course bevery differentwith noisyspeech.

7 DataModeling in Sub-Band Processing

Previouswork in sub-bangpeectprocessindnasnotbeenparticularlyexplicit aboutwhy andhow theapproach
deliversperformanceenefits.For instance Hermansk (1998)cites“applicationof auditoryknowledge”and
SivakumaranAriyaeeinia,andHewitt (1998)give “a closersimulationof ... humanperception"asreasongo
expectimprovedspeectandspealer recognition respectiely.

7.1 Biagvariancedilemma

In ourview, thereis amoregeneraindcompellingreasorwhy sub-bandrocessingleliversbenefits.Success-
ful recognitionis critically dependenon building goodspealer modelsfrom thetrainingdata.Datamodeling,
however, is subjectto thewell-known bias/variancadilemma(GemanBienenstockandGoursatl 992;Bishop
1995, Sect.9.1; Cherkassk and Mulier 1998, pp.80—85). This is usuallydiscussedn the context of neural
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network learningalthoughtheissuesareconsiderablywvider andapplyto datamodelinggenerally Theapprox-
imationerrorwhenestimatinga modelfrom data(ignoring errorarisingfrom intrinsic noisein the datawhich
setsanoverall limit) is the sumof two contributions:

1. variance—which arisesdueto thefinite amountof availableexampledata,and;

2. bias squared- or just ‘bias’ — which reflectsmismatchbetweenrthe ‘true’, underlyingfunctionwe are
trying to learnandthe actualmodelusedto approximatet.

Accordingto thisdilemma,modelswith too mary adjustablgparameterselative to theamountof trainingdata
will tendto overfit the data,exhibiting high varianceandsowill generalizepoorly. Ontheotherhand,models
with too few parametersvill be over-regularised,or biased,andso will be incapableof fitting the inherent
variability of the data. The problemof tradingoneagainsthe otherto find the optimalnumberof parameters
cannotbe attacled directly becauséoth biasandvariancedependn the abstractunderlyingfunctionwe are
trying to model(andwhich heredescribes particularutterancerom a particularspealer). Obviously, thisis
unknown or therewould benopointin modelingit empirically! We hypothesizéhatsub-bangrocessingffers
apracticalsolutionto thebiashariancedilemmaby replacingalarge,unconstrainedatamodelingproblemby
severalsmaller(andhencemoreconstrainedproblems.

The sub-bandsystemhas 192 parameterdn total (12 LP parametersc 16 sub-bands comparedwith
just 12 for the widebandsystem. From this perspectie, it might be arguedthat the sub-bandsystemout-
performsthewidebandonemerelybecausét hasmoreparameterandthatthe veryfactof splitting thesignal
into sub-bandss irrelevant. Perhapsthen, we could achieve performancamprovementsfor the wideband
systemsimply by increasingLP modelorder Obviously, to attempt192-orderLP analysisof the wideband
signal,for directcomparabilitywith the sub-bandsystemwould beill-advised! Eachframeof speecttontains
just8000x 20 x 102 = 160samplessowe would betrying to fit a modelwith more‘parametersthandata
points. This is not ‘data modeling’at all! Evenif we halved the numberof parameterso around80 or 90,
this would surelyresultin massve overfitting to the noiseand otherartifactsin the data. Empirical support
for this notionin the specificcontet of spealer recognitioncomesfrom the work of Reynolds (1994), who
writes: “giving too muchspectralresolutionwill degradeperformanceby modelingspuriousspectralevents
or introducingtoo mary parameterso be trained” (p.642). As we have seenoverfitting is the variancepart
of the biashariancedilemma. Clearly then, the sub-bandapproactoffers at leastthe possibility to usemore
parameter¢so achiering a good,low-biasmodel)while, at the sametime, avoiding overfitting (a modelwith
too muchvariance).

As aconsequencef the principle of time-frequenyg duality (e.g.,Damperl995,p. 158),eachof the 16fil-
teredtime trajectorieds slowly-varyingcomparedo the widebandsignal. (Accordingto this duality, a signal
which is compactin frequeng — asa resultof bandpasdiltering — is spreadout in time.) So the problem
of modelingeachsub-bandrajectoryis considerablyeasierthanthat of modelingthe widebandsignal. That
is, we arelessproneto the bias part of the biashariancedilemma. We canhopeto geta good, unbiasedit
to eachtime trajectorywith 12th orderLP analysiswherewe could not do so with the widebandsignal, or
evenasignificantlyhigherorderanalysis.Further by varyingthe numberof sub-bandswe effect a trade-of
betweenthe precisionwith which we modeltime andthatwith which we modelfrequeny. We know from
the Heisenbeg-Gaboruncertaintyprinciple (Gabor1946;1950; Schroeded 999, pp.188—-190)thatwe cannot
modelboth perfectly We do not know that 16 sub-bandseaind20 msframesyields the optimal grain of analy-
sis (or size of the so-called’'Heisenbeg box’) but we have shavn thatit is significantlybetterthanwideband
analysig(with the same20 msframes).

7.2 Effect of sub-band processing on cepstral representation

In light of theseconsiderationswe believe that a betteroverall modelis obtained(after combination). In
supportof this hypothesislet usexplore how the sub-bandapproachaffectsthe positionof the LP polesof the
speakermodelsand,thereforethecepstratepresentationf the speecHor eachsub-band Accordingto Kittler
etal. (1998):“An importantissuein combiningclassifiergs thatthisis particularlyusefulif they aredifferent”.
In effectthen,theindividual recognizerdecomeexperts’ for their particular differentspectralregions. The
advantage®f combiningindividual, expertopinionsto derive a consensusiew arebecomingwell established
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Figure 8: Representate frame of voicedspeechtop) andits Fourier amplitudespectrum(bottom)with the
smoothedspectrunof the LP analysisoverlaid.

in patternrecognitionand neuralcomputation(Jacobs Jordan,Nowlan, and Hinton 1991; Wolpert 1992) —
althoughwe mustcautionthatthe sub-bandsignalsdo not satisfythe (strong)assumptiorof independencésee
above).

We considerfirst the widebandmodel. Figure 8 shows a typical frame of voiced speechfrom the word
seven The upperfigure showvs the 20ms frame of speechand the lower diagramshaws the Fourier am-
plitude spectrum(in decibels)of the frame aswell asthe smoothedog-spectrumgeneratedrom the im-
pulseresponsef afilter createdusingthe LP coeficients. The smoothedog-spectrunmshows four peaksat
approximately600,1600,2500and3500Hz.

Figure 9 shawvs the smoothedog-spectrageneratedy the impulseresponsesf filters createdusingthe
LP coeficients. Here,the x-axis representshe frequeng in hertz, the y-axis the sub-bandndex andthe z-
axisthe spectraimagnitudein decibels.The effectsof the variationsin LP coeficientsacrosghe 16 different
modelsarereadily visible in the spectrum.The polesof thefilter (representedy the peaksin the smoothed
spectrumreclearlypositionedat differentfrequenciesn thedifferentsub-bandsThisis not surprising:after
all, this emphasiof differentfrequenciess preciselywhatthe filterbankis designedo do. In termsof data
modeling,the polesof the LP filter areallocatedo the particularareasof the spectrumwhich areprominentin
eachsub-band Startingat the low-frequeng endof the spectrumthe first sub-banchastwo prominentpoles
locatedbelon 800Hz. As theindex (centerfrequeng) is increasedthesetwo polescomeclosertogetheruntil
finally by sub-band or 9 they aremodeledasa singlepole. As theindex increasedurther, the influenceof
this low-frequeng poleis reduced.

A similar effectis seerin theotherfrequeny rangesasthefilterbankemphasizesr de-emphasizespecific
regionsof the spectra.ln particular sub-band®-14 (centerfrequenciesd218-265%Mz) locatemary polesin
the middle-frequenyg rangewhich were absentfrom the low-frequeny bandsand also from the smoothed
spectrunof thewidebandanalysisin Figure8.

Thecorrespondingub-bandepstrumis depictedn Figure10, wherethe LP cepstrakcoeficientsfor each
bandareshowvn. Thevariationin spectraresolutionacrossrequeng whichwasvisible in Figure9 is reflected
here. This variationis vital to the approach:if therewerelittle or no differencebetweenthe bands,there
couldonly be limited gainsfrom sub-bandprocessindat leastwith cleanspeechashere). In effect, thefree
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parametersf the LP modelareconstrainedo be uniformly deployed acrossthe selectedrequeng range,so
thatmoreparameterm total canbeusedwithoutoverfittingthanwith thewidebandsystemwherethemodeling
procesgdoesnot featurethis inbuilt constraint. Consequentlysub-bandorocessingneanghateachspealer’s
utterancesare modeledin more detail thanwith a widebandapproach. This improvementin modelingthe
spealersshouldleadin turnto improvementsn spealer recognitionperformanceasobsenedhere.

8 Conclusions and Discussion

Performancémprovementshroughthe useof sub-bandprocessindhave previously beenreportedfor speech
recognition,wherethe main motivation hasbeento introducerobustnessgainsinoisebasedon the presump-
tion that narrov-bandnoisewill affect somebut notall channels.This paperhasconfirmedthat performance
improvementganbegainedfrom sub-bangrocessingn text-dependenspealerrecognition for cleanspeech.
Otherinvestigatordave presentedimilar resultsbut have not offeredan explanationasto why sub-bandro-
cessingactuallyworks. Althoughthe FletcherAllen principle — embodyinggeneralnotionsof how humans
recognizespeech- providesthe backgroundit remainsunclearpreciselyhow performancéenefitsaccrue.In
this paper we have advancedandexploredthe hypothesighat sub-bandrocessingffersa practicalsolution
to the biashariancedilemmaof datamodeling. Thatis, unlike a widebandsystem the free parametersf the
spealer modelsare constrainedo be more uniformly deployed acrossfrequeny so that more parametersn
total canbe used(so reducingbias)without incurring undueoverfitting (variance)to spuriousaspectof the
speectsignal- suchasnoisewhichis local in frequeng or theroll-off of anti-aliasfilters. Hence generaliza-
tion to unseerdatais improved.

The work herehasusedthe sumrule of combinationexclusively, in light of Kittler etal.’s (1998)finding
that this is generallysuperiorto alternatves, suchas the productrule. However, weightingsbasedon the
spealer recognitionperformanceof eachindividual sub-bandyave no improvementon the unweightedsum.
Thisis in keepingwith BourlardandDupont's (1996)findings,who found comparableerror rateswhenthey
usedthe arithmeticmeanandweightingssimilar to oursin sub-bandspeechrecognition. Betterresultswere
only obtainedthroughthe non-linearMLP approach.However, they also found that, in narrov-bandnoise
conditionsweightingshasedn phonemeecognitionaccurag andon thesignal-to-noiseatio of thesub-band
gave lower error ratesthandid the arithmeticmean. Hence,althoughthe resultsherehave generallyproved
to be a significantimprovementon widebandprocessingtheremay be even greatergainsto be hadin noisy
conditions. Accordingly, studiesof sub-bandspealer recognitionwith noisy speecharea priority for future
work.

Our main conclusionis that sub-bandorocessinganleadto improved spealer modelingby constraining
the problemsuchthatthe free parameter®f the modelarefairly uniformly deployed acrossfrequeng. This
improved modelingresultsin lower identificationand verification error ratescomparedo the widebandap-
proach.However, muchremainsto be doneto explorefully the newv paradigm:the configurationusedthusfar
may notbe optimal. The 16 sub-bandsverechosera priori andspacedn theestablisheghsychophysicainel
scale.We intendto studythe effect on performancef usingdifferentnumbersof filters, differently spacedn
frequeng. TheLP modelorder(12th)for representinghe outputsof the sub-bandilters waschosersimply to
bethe sameasfor thewidebandsystem(becauséhe samplingratesarethe same).lt remainsto be confirmed
explicitly thatthe gainsdueto sub-bandorocessingcannot be achieved more cheaplyby merelyincreasing
the model orderfor the widebandsystem. Furtherwork on the combinationstrateyy is requiredto confirm
that the sumrule doesindeedoutperformotherrules of combinationin this specificapplication. The num-
ber of spealersin the databaseshouldalsobe variedanda wider rangeof speechmaterialsstudiedto define
betterthosecircumstancef which sub-bandgrocessings advantageousThe experimentalkystemdescribed
herehasbeendesignedor simplicity so asto facilitate suchexploration: it is not state-of-the-artYetit is a
strongpossibility that performancemprovementsby sub-bandrocessingandsubsequeninformationfusion
aremosteasily(or only) obtainedwhentherecognitionmethodologyemployedis itself only moderatelycapa-
ble. Accordingly, anotherpriority is to ascertairwhetheror not the sameperformancemprovementscouldbe
obtainedusingsub-bangrocessingn conjunctionwith state-of-the-arspealer recognitiontechniquesuchas
Gaussiamixture models(Reynolds1995).

The datamodeling perspectie developedhere hasimplicationsfor otherimportantproblemsin speech
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scienceandtechnology For instancejn audio-visuakpeechrecognition theissueof early versudate combi-
nationis well known (e.g.,Hennecle, Stork, andVenkatesHPrasadl996). Early combinationfusesdifferent
sourcesof informationinto a single, large featurevectorwhich forms the input to a single recognitionsys-
tem. Late combinationusesdifferent,independentecognitionsub-systemsvhoseoutputsare fused. With
theinsightsgainedin this work, it is clearthatearly combinationposesa large, relatively unconstrainediata
modelingproblemand,consequentlyate combinationis muchbetteradvised.
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