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Abstract

A growing bodyof recentwork documentsthepotentialbenefitsof sub-bandprocessingover widebandpro-
cessingin automaticspeechrecognitionand,lessusually, speaker recognition.It is often foundthat thesub-
bandapproachdeliversperformanceimprovements(especiallyin the presenceof noise),but not alwaysso.
This raisesthe questionof preciselywhen and how sub-bandprocessingmight be advantageous,which is
difficult to answerbecausethereis asyetonly a rudimentarytheoreticalframework guidingthis work. We de-
scribeasimplesub-bandspeakerrecognitionsystemdesignedto facilitateexperimentationaimedat increasing
understandingof the approach.This splits the time-domainspeechsignalinto 16 sub-bandsusinga bankof
second-orderfiltersspacedonthepsychophysicalmelscale.Eachsub-bandhasits own separatecepstral-based
recognitionsystem,theoutputsof which arecombinedusingthesumrule to producea final decision.We find
that sub-bandprocessingleadsto worthwhile reductionsin both the verificationandidentificationerror rates
relative to thewidebandsystem,decreasingthe identificationerror ratefrom 3.33%to 0.56%andequalerror
ratefor verificationby approximately50%for cleanspeech.Thehypothesisis advancedthat,unlike thewide-
bandsystem,sub-bandprocessingeffectively constrainsthefreeparametersof thespeaker modelsto bemore
uniformly deployedacrossfrequency: assuch,it offersapracticalsolutionto thebias/variancedilemmaof data
modeling.Much remainsto bedoneto explorefully thenew paradigmof sub-bandprocessing.Accordingly,
several avenuesfor future work areidentified. In particular, we aim to explore the hypothesisof a practical
solutionto thebias/variancedilemmain moredepth.

1 Introduction

In a seminalandinfluentialpaper, Allen (1994)haspopularizedtheearliernotionof Harvey Fletcherthat the
decodingof speechsignalsby humansis basedon decisionsin narrow frequency bandsthat areprocessed
independentlyof eachother. Decisionsfrom thesefrequency bandsarecombinedsuchthat the global error
rate is equalto the productof the band-limitederror rateswithin the independentfrequency channels.This
meansthat if any frequency bandyields a zero (or low) error rate – as a resultof contaminationby band-
limited noise,say– then the resultingglobal error ratewould also be zero (or very low), regardlessof the
error ratesof the remainingbands. In the idealizedlimit, only one error-free bandwould be requiredfor
correctrecognition.While this hascometo beknown astheFletcher-Allen principle,Allen himself refersto
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it as“the Stewart-Fletchermultiindependentchannelmodel” (p.572).He furthercharacterizestheapproachas
“across-time”ratherthanthemoreusual“across-frequency” processing(p.575)typifiedby templatematching
in automaticspeechrecognition.In thispaper, wewill usethetermsub-bandprocessing. Thepositivebenefits
of this new approachto speechrecognitionarestartingto be investigatedandreported(BourlardandDupont
1996;Hermansky, Tibrewala,andPavel 1996;TibrewalaandHermansky 1997;Hermansky andSharma1998;
Okawa,Bocchieri,andPotamianos1998;Morris, Hagen,andBourlard1999).Thereis every reasonto expect
thatsub-bandprocessingmightalsoprofitablybeappliedto speaker recognition,improving prospectsfor real-
world applications.

Thereare,however, severalpracticalissuesandchoiceswhichhavenotyetbeenfully studiedandresolved:

� Thenumber, locationanddetailedshapeof thefrequency bandsmustbechosen.

� Someknowledgeof whichbandscontainthemostspeaker-dependentinformationis required.Thescores
from thesebandsmight thenbeemphasized/weightedto improverecognition.

� Thefeaturesto beusedfor recognitionmustbedecided,bearingin mindthatfeaturesdesignedfor speech
recognitionmay not be suitablefor speaker recognition(Furui 1997). (It is alsopossiblethat features
which areappropriatefor widebandspeaker recognitionarelesssofor sub-bandprocessing.)

� The rule for combinationof individual outputsmustbe decided.How, for instance,might we definea
rule which implementsthe Fletcher-Allen principle, i.e., suchthat the global error rate is equalto the
productof the individual, sub-banderror rates?Further, theFletcher-Allen assumptionof independent
channelsis itself problematic(SteenekenandHoutgast1999).

� Thepoint in thesystemat which thescoresarecombinedmustbedecided.Dependingon whetherthe
testsaretext-dependentor text-independent,andthetypeof recognitionsystemused,combinationcould
beat theendof a frame,phoneme,syllable,word or sentence.

To date,relatively few workershavestudiedthis problemin thecontext of speaker recognition.In thecon-
ferenceliterature,BesacierandBonastre(1997),AuckenthalerandMason(1997),Sivakumaran,Ariyaeeinia,
Hewitt, andMalcolm (1998)andSivakumaran,Ariyaeeinia,andHewitt (1998)have all presentedempirical
resultswhichconfirmthatworthwhileperformanceadvantagescanbegainedfrom sub-bandprocessingin this
application. Taken together, however, theseprior works do not cover anything like the full rangeof imple-
mentationoptions,so that many of the aforementionedquestionsremainopen. Further, thereis still only a
rudimentaryunderstandingof sub-bandprocessing– andpreciselyhow it deliversperformanceimprovements
– from a theoreticalperspective. The aim of this paperis to describea simplesub-bandspeaker recognition
systemdesignedto facilitateempiricalexplorationof (at leastsomeof) thesequestions,andto reportsomenew
empiricalresults,but alsoto fit theseinto anemerging theoreticalframework of datamodeling,classifiercom-
binationandinformationfusion. At this stage,andin orderto provide a baselinefor futurework, we restrict
ourselvesto thestudyof cleanspeech.

Theremainderof this paperis structuredasfollows. In Section2, we givea brief statementof thespeaker
recognitionproblem,anddetailthesub-problemof text-dependentrecognitionwhichis thefocusof thepresent
work. Section3 presentsa review of previous work in sub-bandspeechprocessing,emphasizingspeaker
recognition. Section4 describesprior work with a widebandsystemwhich forms the basisof the particular
sub-bandsystemstudiedhere,which is outlined in Section5. Next, Section6 detailsthe several different
waysof combiningscoreswhich wereinvestigated(althoughall werebasedon thesumrule) andpresentsthe
correspondingresultswhich indicatea significantimprovementdueto sub-bandprocessing.In Section7, we
developthehypothesisthatthisimprovementoccursbecausethedatamodelingproblem(here,linearprediction
followedby vectorquantization)is moretightly constrainedrelative to thewidebandcase.Finally, Section8
discussesourfindingsandinterpretsthemin a dataengineeringframework beforeconcluding.

2 The Speaker Recognition Problem

Thespeakerrecognitionproblemcanbedividedinto speakerverificationandspeaker identificationtasks,each
of which mayin turn be text-dependentor text-independent(Campbell1997;Furui 1997). In verification,the
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aim is to determineif a givenutterancewasproducedby theclaimedspeaker. This is mostdirectly doneby
testingtheutteranceagainstthemodelof theclaimedspeaker, comparingthescoreto athreshold,anddeciding
on thebasisof this comparisonwhetheror not to accepttheclaimant.In identification,theaim is to determine
which speaker from amonga known groupproducedthe utterance.In this case,the testutteranceis scored
againstall possiblespeaker models,andthat with the bestscoredeterminesthe speaker identity. Of the two
tasks,identificationis generallyacceptedto betheharder, especiallyfor largespeakerpopulations(Doddington
1985,p.1660).

In text-independentrecognition,thereareno limits on the vocabulary employed by speakers. This is in
contrastto text-dependentrecognition,wherethe presentedutterancemust be from a set of predetermined
wordsor phrases.As text-dependentrecognitiononly modelsthe speaker for a limited setof phonemesin
a fixed context, it generallyachieveshigherrecognitionratesthantext-independentrecognition,which must
modela speaker for a varietyof phonemesandcontexts. In this paper, we applysub-bandprocessingboth to
verificationandidentificationin the text-dependentcase.Text-dependentrecognitionwaschosenbecauseof
its moreobviousapplicability, especiallyfor verification(Doddington1985,p.1660).

Sinceidentificationis simply a matterof selectingamongspeakers,typically usinga minimum distance
decisionrule, performanceis easilyquantifiedby a singlemeasure.Thereareonly two possibleoutcomes–
corrector incorrect– so that the identificationerror (IE) fully specifiesthesituation.Thingsarea little more
complicatedwith verificationwherethesystemhasto acceptor rejecta claimedspeaker identity in thefaceof
potentialimpersonation.Hence,therearefour possibleoutcomes,of which two – falseacceptance(FA) and
falserejection(FR) – areerrors. Thus,somedecisionthresholdmustbesetwhich effectsa balancebetween
thetwo typesof error. While it is possibleto devisea generalcostfunctionwhich doesthis, we do not know
therelative costsof thetwo typesof errorhere.Hence,they aresimply assumedto beequalandthethreshold
is setto equalizetheFA andFR rates. Theperformancemeasureemployedis thustheequalerrorrate(EER).

3 Previous Work on Sub-Band Processing

Most currentspeaker recognitionsystemsusewidebandprocessing,wherebythe whole frequency rangeis
coveredby a singlerecognitionsystem. Typically, eithermel-scalecepstralcoefficientsor linear prediction
cepstralcoefficients(LPCCs)areusedasthefeatureset.In sub-bandprocessing,thespeechsignalis split into
band-limitedchannels.Eachhasits own recognitionsystem,andthefinal scorefor anutteranceis calculated
by combiningtheindividualscores.

In earlywork, BourlardandDupont(1996)investigatedsub-bandprocessingfor automaticspeech recogni-
tion usingahiddenMarkov model(HMM) system,with theintentionof improving robustnessin noise.Several
parameterswereinvestigated,includingthenumberandlocationof thebands,thefeaturesetandthescheme
for combiningindividual scores.They found that 4 to 5 bandsperformedwell, but that further investigation
waswarrantedbeforeany firm conclusionscouldbedrawn. With regardto thefeatureset,modelingthefilter-
bankoutputsin termsof LPCCs(with cepstralmeansubtraction)wasmoresuccessfulthanusingcritical band
energies(0.5%errorrateversus2.0%usingfour sub-bands).

Combinationstrategieswerebasedon weightedsummations.This makesintuitive sense,asthe outputs
of their recognizerswereestimatesof log-likelihoods.As well asunweightedcombination,they alsostudied
weightingby the (normalized)phoneme-level recognitionratesin eachbandandby (normalized)signal-to-
noiseratios in eachband. Because“it is often arguedthat the recombinationmechanismshouldbe non-
linear” (p.427), BourlardandDupontalsouseda multilayer perceptron(MLP) trainedto estimateposterior
probabilitiesof speechunits(giventhelog-likelihoodsof all sub-bandsandall speechunits) for scorecombi-
nation.Of these,theMLP gavethebestresultsbut theotherweightingschemesalsoperformedwell compared
to the widebandsystem. Although sub-bandprocessinggave betterresultsthanwidebandprocessingwhen
narrow-bandnoisewaspresent,it gavepoorerrecognitionratesthanawidebandsystemusingJ-RASTA noise
cancellation(Hermansky andMorgan1994).However, usingJ-RASTA first, followedby sub-bandprocessing,
led to lowererrorratesthanfor thewidebandsystem(9.1%versus12.1%).

Subsequently, Hermansky in particular(1998)hasarguedstronglyfor theadvantagesof sub-band,“across-
time” processingin robustspeechrecognition.In hisview, thekey benefitis theapplicationof auditoryknowl-
edge(cf. theFletcher-Allen principle)asagainst“the blind implementationof scatteredaccidentalknowledge

3



whichmaybeirrelevantto aspeechrecognitiontask” (p.3). With colleagues,Hermansky haspursuedthis idea
in a seriesof publications(Hermansky, Tibrewala,andPavel 1996;TibrewalaandHermansky 1997;Herman-
sky andSharma1998). Onedevelopmenthasbeenthe full combinationmethod(Hermansky 1998; Morris,
Hagen,and Bourlard 1999) wherebythe assumptionof independencebetweenchannelscan be avoided if
a separateneural/HMMrecognizeris trainedon eachpossiblecombinationof sub-bands.This idealizationis
computationallyprohibitivebut useful,practicalapproximationsarepresentedby Morris,Hagen,andBourlard.

Turning now to speaker recognition,BesacierandBonastre(1997)appliedsub-bandprocessingto text-
independentidentificationwith cleanspeech.Testswerecarriedoutonall 630speakersof theTIMIT database,
using the phonetically-compact(SX) sentencesfor training and the dialect (SA) and phonetically-rich(SI)
sentencesfor testing.They usedspectralenergiesin sub-bandsasthebasicfeatureset.A totalof 24“channels”
wascreatedusing“mel-scaletriangularfilterbankcoefficients” (p.196)calculatedfrom theWinogradFourier
transformpower spectrumand expressed“in logarithmic scale” (p.197). (Terminologyhereis potentially
confusing.Weusechannelasasynonym for sub-band,but BesacierandBonastre’ssub-bandis acombination
of channels.) Channelsweregroupedin variousways to produce“sub-bands”in their terms. Recognition
wasbasedon second-orderstatisticalmeasures(Bimbot andMathan1994)with a 1-nearestneighbordecision
rule. Thecombinationstrategy wasto computethe arithmeticmeanof the separatesub-banddistances,after
3 secondsandafter6 secondsof speech.

Initially, channelsweregroupedin overlappingsetsof four to create21 sub-bandsasfollows. Sub-band1
encompassedchannels1–4, sub-band2 coveredchannels2–5, etc. BesacierandBonastrefound that certain
sub-bandscontainedmorespeaker-specificinformation thanothers: in particular, the low-frequency region
below 600Hz andthehigh-frequency region above 2kHz. This helpsto explain thepoorerperformancerates
for telephone-qualityspeech(e.g.,Naik, Netsch,andDoddington1989),wheresomeof thesecritical highand
low frequency regionsareabsent.

A variety of architectureswasstudiedin which differentnumbersof sub-bandswereincluded/excluded.
(Unfortunately, BesacierandBonastredonotreportcomparisonswith asingle,widebandsystem.)They found
that sub-bandsformedfrom consecutive channels(1,2,3,. . . ) gave far betterresultsthanthoseformedfrom
“crisscrossed”channels(1,3,5,. . . ). Hence,they write, “the correlationsbetweenclosechannelsareimportant
whensecond-orderstatisticalmeasuresareused”(p.201). They alsofoundthatperformancedecreasedwhen
thesub-bandsbecamesmaller(in termsof numberof channels)andmorenumerous.This wasfelt to reflect
theconcomitantreductionin thenumberof parametersusedto modela speaker.

A similarapproachhasalsobeendescribedby AuckenthalerandMason(1997).They usedspectralanalysis
to generate32 bins(cf., BesacierandBonastre’s “channels”),which weregroupedtogetherin varyingsizesto
formsub-bands.Usingawarpingfunctiontocreateapproximatelyequalidentificationerrorratesfor eachband,
they found that for text-dependentspeaker identificationexperiments,sub-bandprocessinggave comparable
resultsto widebandprocessing.

Sivakumaran,Ariyaeeinia,Hewitt, andMalcolm (1998)andSivakumaran,Ariyaeeinia,andHewitt (1998)
concentratedon the weightingschemeto be usedin conjunctionwith the sumrule of scorecombinationin
speaker verification.They proposetheuseof “dynamic” weights,computedfrom competingspeaker models.
Variousverificationsystemsweretrainedon 10 repetitionsof thetendigits from 20 malespeakersin theMil-
lar database(seenext section). Then,usingfour (overlapping)mel-spacedbandsanddynamiccombination
weights,anequalerror rate(EER)of just under10%wasachievedfor 15 unseenrepetitionsof thetendigits
from thesame20 speakers. Thecorrespondingfigure for a full-bandHMM systemwasapproximately15%.
The sub-bandsystemperformedfar betterwith addednoise,however. One-thirdof the utteranceswascon-
taminatedwith narrowband(0–600Hz) noise.At 0dB signal-to-noiseratio, thefull-bandsystemgaveanEER
of approximately29% relative to just over 10% for the sub-bandsystem.This confirmsthe effectivenessof
de-emphasizingregionsof thespectrumcontaminatedby noise.

4 Prior Work with Wideband System

Sinceour sub-bandsystemis basedon our earlierwidebandrecognizer(Finan,Sapeluk,andDamper1997),
webriefly describeprior work with thatsystemhere.
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4.1 Database

TheBritish TelecomMillar databasewasspecificallydesignedandrecordedfor text-dependentspeaker recog-
nition studies.It consistsof 46 maleand14 femalenative Englishspeakersrepeatingthewordsoneto nine,
zero, noughtandoh 25 timeseach.Thedatabasewasrecordedin five sessionsspacedover threemonths.At
eachsession,speakerswerepromptedvisually to saythewordsin a randomorder. Recordingsweremadein
a quietenvironmentusinga high-qualitymicrophone.Thespeechwasdigitizedat a samplingrateof 20kHz
with a16-bitA/D converter. As well asthe20kHz recording,thedatabasewasalsomadeavailableatan8kHz
samplingrate.In this latterversion,thespeechhasbeenbandpassedto 3.6kHz with a third-orderButterworth
filter andthendownsampled.Only the8kHz versionwasusedin theexperimentsreportedhere.

4.2 Implementation of the wideband system

The featuresetusedfor recognitionconsistedof cepstralcoefficientsderivedfrom linear predictionanalysis
(Markel andGray1976;Picone1993;Schroeder1999).Cepstralcoefficientsarewell recognizedasoneof the
bestspeechrepresentationsfor bothspeaker andspeechrecognition(Furui 1997).Usingananalysisframeof
20ms,Hammingwindowedandoverlappingby 50%,12th orderlinear predictorcoefficientswereobtained.
Thesewerethenusedto createcepstralcoefficientsvia therecursiondescribedby Atal (1974).

Speakermodelswereproducedby vectorquantization(VQ) with acodebooksize(determinedempirically,
seeFinan1998)of 32. VQ hasbeenusedextensively for both text-dependentandtext-independentspeaker
recognition(Rosenberg andSoong1987;Booth,Barlow, andWatson1993;Yu, Mason,andOglesby1995).It
is a datareductiontechniquein which similar vectorsaregroupedtogetherandrepresentedby their centroid.
Thegroupingis repeatediteratively until thedistance(seebelow) betweeneachvectorandits groupcentroid
hasbeenminimized. Thesecentroidsmake up the codebookwhich modelsthe data,andtheir numberwill
determinethe accuracy of the modeling. The standardLBG algorithm (Linde, Buzo, and Gray 1980) was
appliedto calculatethecenters.

Distancesbetweenvectors j andk (codebookcentersor testutteranceframes)werecalculatedusingthe
‘city block’ measure:

d � j � k ���
12

i 	 1

ci j 
 ci k

whereci j is the i th cepstralcoefficient of vector j , similarly ci k for vectork. (As usual,c0 wasdiscarded.)
Whentestingan utteranceagainsta VQ speaker model, the utteranceandmodelarefirst optimally aligned
by dynamictime warping. Thecity-block distanceis thensummedover the total numberof alignedframes,
i.e., alongtheoptimalpath. This sumwasthenaveragedover the numberof alignedframesto give the final
score. The decisionrule wassimply to selectthe speaker providing the bestscoringsequenceof codebook
vectors.

4.3 Impostor cohort normalization

Verificationrecognitionratesmaybeimprovedthroughtheuseof scorenormalization(Furui1997).For some
of thetestsreportedhere,impostorcohortnormalization(ICN) wasused.TheICN derivedscoreshave better
equalerrorratesthantheun-normalizedscores(Finanetal. 1997).

ICN is basedon thefact that thegenuinespeaker scoreremainsfairly stablerelative to theimpostorscore
distribution, althoughthe impostorscoredistribution itself mayvary considerably(Li andPorter1988). The
scoresfrom theimpostormodelsareusedto normalizethegenuinespeaker modelscore.Soeachutteranceis
presentedto the genuinespeaker modelanda limited setof impostormodels. The genuinespeaker scoreis
thennormalizedby themeanandstandarddeviationof theimpostorscoresasfollows:

SICN �
Sgen 
 mcoh

SDcoh
(1)

whereSICN is thenormalizedscore,Sgen is theoriginal genuinespeaker modelscoreandmcoh andSDcoh are
themeanandthestandarddeviationof theimpostorcohortscores,respectively.
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IE (%) FA (%) FR(%) EER(%)

All 31 speakers 4.73 5.95 5.03 5.92
12 speakers 3.33 10.10 8.89 10.00

Table1: Comparisonof theidentificationandverificationresultsfor thefull databaseof 31 malespeakersand
restricteddatabaseof 12 malespeakersfor thewordsevenwith thewidebandsystem.

Notethatthisnormalizationproceduresomewhatblursthetraditionaldistinctionbetweenidentificationand
verification. ICN worksby usingidentification: it looksat the genuinespeaker scorein relationto thosefor
otherspeakers. That is, the scoresfrom the othermodelsareusedto normalizethe testagainstthe genuine
speaker model. If theutteranceis from thegenuinespeaker, this shouldget the lowestscore(asin identifica-
tion).

In theexperimentscarriedouthere,thesix mosteffectiveimpostorswereselectedto form thecohort(Finan
1998).Thenthebestfive impostorswereselectedfor aspeaker’scohortunlessthatspeakerwasalsoamember
of thecohort,in which casethesixth impostorwasused.Thus,no speakerwaspartof his/herown cohort.

A relatedtechniqueis to employ ‘world’ or ‘background’models(e.g.,Carey andParris1992;Matsuiand
Furui 1995;Rosenberg andParthasarathy1996;Reynolds1997)– eithera compositeconstructedfor a subset
of speakersor oneperbackgroundspeaker. Verificationis thenon thebasisof thelikelihoodratiobetweenthe
scorefor theclaimedspeaker’smodelandthatfor thecompositeor theaveragefor thebackgroundspeakers,as
appropriate.This obviatestheneedto seta decisionthreshold.With thesystemdescribedhere,this approach
did not work aswell ascohortnormalization(Finan1998).

4.4 Results of wideband recognition

In previouswork, 31malespeakersof thesameagegroup(20–29years) sayingthewordsoneto nineandzero
wereused(Finanetal. 1997).Malespeakersalonewereusedasthisrepresentsagenerallyharderidentification
problemthanusinga mixedmale/femaleset. A selectionof the speakers(ratherthanthe full setof 46) was
usedbecauseof thecomputationalcomplexity of thesoftwaresimulation.Fromtheseexperiments,it became
clearthatsomespeakersweremoreproblematicthanothers.Thesepoorerspeakers,oftenreferredto asgoats
– from the adage“sorting the sheepfrom the goats”(Doddington,Liggett, Martin, Przybocki,andReynolds
1998)– areresponsiblefor mostof the errorsencountered(ThompsonandMason1994). For the sub-band
experimentsreportedshortly, asubsetof 12of themalespeakerssayingthewordsevenwaschosen:8 problem
speakersand4 others.A smallersetof speakers(12 ratherthan31) wasusedbecauseof the muchincreased
computationalcomplexity of sub-bandrelative to widebandprocessing.The8 poorspeakerswerethosewho
performedworstin theearliertests.Theother4 werechosenatrandom.Recordingsfrom thefirst two sessions
(i.e.,10repetitionsof seven) wereusedfor trainingandthosefrom theremainingthreesessions(15repetitions)
wereusedfor testing.

A comparisonbetweentheresultsusingthe 31 malespeakersandthis smallersubsetof 12 for thewide-
bandsystemis given in Table1. In this table,we reportfalseacceptance(FA) andfalserejection(FR) rates
for verificationin additionto EER.AlthoughFA andFRshouldnominallybeequal,in line with thedefinition
of EER,therearedifferencesdueto discretizationerrors.EERwasindividually seton per-speaker basis,and
theperformancemeasureswerethenaveragedacrossthe12speakers.For testswith genuinespeakers,thereare
only 15repetitionsof sevenbut for testswith impostors,thereare15repetitionsfrom eachof the11 impostors,
i.e.,165testutterances. Thus,theEERis muchcloserto theFA ratethanto theFRfigure.Thedeteriorationin
EERin thesub-bandcasecomparedto thewidebandcasereflectstherelativeincreasein problemspeakers.The
decreasein identificationerroris tobeexpectedastherestricteddatabasehaslessthanhalf thenumberof speak-
ersof thefull database,andidentificationerrorincreaseswith populationsize(Doddington1985;Furui 1997).
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Figure1: Block diagramof theLPCC-basedsub-bandprocessingsystem.

Sub-band CenterFrequency (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: Centerfrequenciesandbandwidthsfor the16 sub-bands.

5 Implementation of Sub-Band Processing

Figure1 depictsa block diagramof the sub-bandspeaker recognitionsystem.Componentpartswill be de-
scribedanddiscussedin turn. No claim is madethat this systemis state-of-the-art.Rather, it is intendedas
a simpleyet adequatevehiclefor the studyof the sub-bandapproach– allowing a rangeof implementation
detailsto bevariedandassessed.

5.1 Filterbank

The widebandspeechsignalis split into 16 bands,equallyspacedin frequency accordingto the mel scale–
a non-linearscalebasedon the humanauditorysystem(Zwicker andTerhardt1980). Sucha scalewasused
by BesacierandBonastre(1997),but not by BourlardandDupont (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, and30 bandsgivesno improvementin accuracy over 20” (p.572). The
centerfrequenciesandbandwidthsof the16 filters aregivenin Table2.

The filters weresecond-orderButterworth bandpasswith infinite impulseresponse(IIR), designedusing
thebilineartransformmethoddescribedin Owens(1993)andDamper(1995).Filtering wasperformedin the
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Figure2: Characteristicsof the16 bandpassfilters.

timedomainby directcalculationfrom thedifference(recurrence)equation.Theadvantageof IIR filtersis their
easeof designandimplementation;thedisadvantageis that they have a non-linearphaseresponse.Theeffect
of thison theresultsof recognitionremainto beascertained.Thefilter characteristicsaredepictedin Figure2.
Notethatin thissimplescheme,thedegreeof overlapof adjacentfilter skirtsis uncontrolled,althoughthepoint
of crossover is never too far from 
 3dB. As the filters areonly second-order, thereis considerableoverlap
at the level of 
 10dB, for instance.However, the higherthe orderof the filter, the morepolesof the linear
prediction(LP) analysiswould berequiredto modelthefilter ratherthanthespeech.Thus,it wasa deliberate
decisionto uselow orderfilters.

5.2 Individual recognizers

Theindividual recognizerswereidenticalto thewidebandsystemdescribedby Finanet al. (1997)andabove
(Section4.2),aswerethetrainingandtestconditions.

5.3 Score combination

Scorecombinationis a particular, restrictedinstanceof a datafusionproblem.As statedabove,initial work in
sub-bandspeechprocessing(BourlardandDupont1996)usedweightedsummationto combinescores.This
wasintuitivelysatisfactory, becausetheindividualscoreswereestimatesof log-likelihoodsandthisformulation
hassubsequentlybeenimproved in the so-called‘full-combination’ approach(Hermansky, Tibrewala, and
Pavel 1996;Hermansky 1998;Morris, Hagen,andBourlard1999). However, otherwork (e.g.,Sivakumaran,
Ariyaeeinia,andHewitt 1998)hassometimesretainedthis formulationeventhoughthe scoreswerenot log-
probability-like. In our case,scoresare city block distances,so it is not immediatelyclear that weighted
summationis thebestcombinationtechnique.

Very recently, Kittler, Hatef,Duin, andMatas(1998)haveplacedtheproblemof combiningpatternclassi-
fiersonasoundertheoreticalfooting. Kittler etal. startfrom theempiricalfactthat(p.226)“dif ferentclassifier
designs”offering “potentially complementaryinformation” canbe combinedto improve performance.(See
Bowles,Damper, andLucas1988for an early demonstrationin the realmof speechrecognition.) However,

8



“thereis presentlyinadequateunderstandingwhy somecombinationschemesarebetterthanothersandin what
circumstances”(p.226). Thus,Kittler et al. outlinea numberof possiblerulesof combination– viz. product,
sum,max,min, medianandmajorityvoterules– andtheassumptionsbehindthemaswell asrelationsbetween
them. Theseruleswerethencomparedempirically for performanceon therepresentative patternrecognition
problemsof personidentification(combiningtwo faceviews and voice) and handwrittendigit recognition
(combiningfour differentclassifierdesigns).It wasfoundthat thesumrule performedconsistentlywell. On
the personidentificationtask, it achieved an EER of 0.7% relative to 1.2% for the next best(median)rule
and1.4%for the bestsinglemodality (speech).On the handwrittendigit task,it gave a classificationrateof
98.05%,whichwasthesecond-bestfigureafterthemedianrule(98.19%).Thesecomparewith 94.77%for the
bestindividual (HMM) recognizer.

Kittler etal. expresssurprisethatthesumruleproduces“the mostreliabledecisions”giventhatit “hasbeen
developedunderthe strongestassumptions”(p.235). Specifically, the statisticalassumptionsareconditional
independenceof therespectiverepresentationsusedby theindividual classifiersandhighly ambiguousclasses
(suchthat observationsenhancethe a priori probabilitiesonly slightly). It is shown theoreticallythat the
sumrule is muchlesssensitive to estimationerrorsthanthe productrule, a factwhich is consistentwith the
experimentalfindings andalmostcertainly explains the “surprising” superiorityof the sumrule. For these
reasons,we have chosento usea sumrule here,but recognizethat future work shouldbe directedat a more
thoroughinvestigationof differentscorecombinationmethodsin sub-bandspeaker recognition.

6 Results of Sub-Band Recognition

In thiswork, thenumberof sub-bandsandtheircenterfrequencieswerefixed.Also, asdetailedin Section5.3,
we usethesumrule of combination– bothwith andwithout weighting– to producethefinal score.Themost
straightforwardmethod,however, is unweightedsummation.This wastheonly combinationstrategy usedby
BesacierandBonastre(1997)andoneof severaltestedby BourlardandDupont(1996).

6.1 Unweighted combination

Theaverageverificationscores(computedasin equation1) for thetestdataandtheiraveragestandarddeviation
aredepictedfor eachof the16 bandsin Figure3. As thescoresareall quitesimilar, it seemsthatno particular
bandwill dominatethe(unweighted)sum.Theresultsusingthesimple,unweightedsumrule of combination
are shown in Table 3 (bottom row). Comparedwith the performanceof the widebandsystem(top row of
Table3 andbottomrow of Table1), it is clearthatsub-bandprocessingleadsto a consistentimprovementfor
all the performancemeasures.For instance,identificationerror falls from 3.33%to 0.56%(a decreasefrom
6 misclassifiedutterancesto just 1). As the identificationerror is also importantto the scorenormalization
(seeSection4.3 above), the ICN equalerror ratereflectsthis with a drop from 3.66%for the widebandcase
to 1.39%for thesub-bandcase.

Sinceonly two outcomesarepossiblefor identification– eitherthespeaker is corrector not– thesampling
distribution of theseerrorsis binomial. Hence,we canusea binomial test(Siegel 1956,pp.36–38)to deter-
minethesignificanceof theabovedifferences.Theprobabilityof observingk or fewer errorsin n trials when
samplingfrom a binomialdistributionwith meanerrorprobabilitye is:

p � k ���
k

r 	 0

nCr er � 1 
 e� n� r (2)

wherenCr is thebinomialcoefficient. For thecaseof identificationerror, n = 180utterances, e � 0 � 101, and
k � 1. This yields p � 1��� 0 � 01613asthe probability thatoneor fewer identificationerrorscouldhave been
obtainedby chanceif therewereno differencebetweenthewidebandandsub-banddistributions,i.e., thedif-
ferenceis significantat the2%level. Hence,sub-bandprocessingleadsto significantlyimprovedidentification
performancein this case.

Thestatisticalsignificanceof theverificationperformancemeasureswasassessedon thesamebasis,and
the resultsare given on the last line of Table 3. As k in equation2 is not necessarilyinteger in this case
(becauseof theaveragingacrossspeakerswith differentdecisionthresholds),it is replacedby thenext largest
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Figure3: Meanverificationscoresandtheir standarddeviationsfor eachsub-band.

Un-normalized 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 ��� NS NS �

Table3: Comparisonof thewidebandandsub-bandprocessingresultsusingtheunweightedsumrule. (KEY:
����� – highly significantat 2% level; ��� – significantat 5% level; � – marginally significantat 10%level; NS
– not significant.)
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Figure4: Exampleshowing thatsub-bandprocessingimprovesidentificationof Speaker1. Theself-testscore
is thelowestobtainedwith sub-bandprocessing,sothatSpeaker1 is correctlyidentified.Thewidebandsystem
erroneouslyidentifiesSpeaker6, andSpeaker10alsohasa lowerscorethanSpeaker1 (‘*’ = widebandscores,
‘o’ = averagesub-bandscores).

integer, � k � . In theun-normalizedcase,therearerespectivelyhighly significantandsignificantreductionsin FA
(p � 0 � 00175) andEER(p � 0 � 02450) dueto sub-bandprocessing.Thereductionin FR is of thesameorder
(approximately50%)but is farfromsignificance(p � 0 � 6096) becauseof themuchsmallernumberof genuine-
speaker tests(15asopposedto 165impostortests).Whenimpostorcohortnormalizationis used,however, the
resultsare lessimpressive, reflectedin marginal significancefor EER only (p � 0 � 100). Presumably, ICN
effectively removessomeof the potentialfor achieving gainsthroughsub-bandprocessing.It seemslikely
thattestingwith a largernumberof utteranceswould haveproducedmoreobviouslysignificantimprovements
for ICN, but theconsiderabletimenecessaryto simulatethesub-bandsystemprecludedthis in practice.

Particularillustrationsof theadvantagesof sub-bandprocessingin reducingidentificationerrorraterelative
to the widebandsystemare given in Figures4 and 5. The figuresshow the identificationscoresfor two
utterancesusingbothwidebandandsub-bandprocessingwhentestutteranceswerepresentedto all 12 speaker
models.(As thetaskis identification,themodelwith thelowestscoredeterminedthespeaker.) In thewideband
case,theutterancefrom Speaker 1 is attributedto Speaker 6 (Fig. 4), andin thesecondexampletheutterance
from Speaker10 is attributedto Speaker 8 (Fig. 5). However, usinganunweightedsumcombinationstrategy,
thesub-bandsystemattributestheutterancesto thecorrectspeakers.In bothexamples,theutterancestill scores
bestagainstthesameimpostormodel,but thescoreagainstthegenuinespeakermodelis evenlower. Thedirect
implicationis thatsub-bandprocessingproducesabettergenuinespeakermodelin thesecases.

6.2 Weighted combination

Here,weattemptto usesomemeasureof eachband’soverall ‘importance’to weightits contributionto thesum.
This is similar to BourlardandDupont’s weightingon the basisof a band’s phonemerecognitionaccuracy.
Weightingschemeswere investigatedusing: (1) identificationerror and(2) equalerror rate. The lower the
identificationerror or equalerror rate for a sub-band,the greaterthe weighting. Eachset of weightswas
normalizedsothatthey summedto 1.
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Figure5: Furtherexampleshowing how sub-bandprocessingimprovesidentificationof Speaker10 compared
to thewidebandsystemwhicherroneouslyidentifiesSpeaker8 (‘*’ = widebandscores,‘o’ = averagesub-band
scores).

In bothcases,the weightcouldbedeterminedin threeways: onea priori andtheothertwo a posteriori.
With a priori weightings,only the resultsbasedon the training datacanbe used. This works for the EER,
but the identificationerror rateon the training datais zero,so it could not be usedfor (1) above. The two
a posteriorimethodsinvolve thetestdataonly andthetestdatacombinedwith thetrainingdata,respectively.
Figure6 shows thevariationof identificationerrorandequalerror rateacrossthe16 bandsusingeachof the
threepossibleevaluationmethods:training setonly, testsetonly andcombinationof training andtestsets.
Thesemeasuresof speaker recognitionaccuracy werethenusedto generateweights(normalizedto sumto 1),
which arepresentedin Figure7.

In theevent,however, noneof theweightingschemesgave any improvementover theunweightedresults,
reflectingthefactthattheweightsdonotdiffer verymuchfrom eachother. Thismayindicateacertainamount
of robustnessin the system,suchthat small variationsin individual scoresdo not seemto affect the overall
scoremuch.Thesituationmay, of course,beverydifferentwith noisyspeech.

7 Data Modeling in Sub-Band Processing

Previouswork in sub-bandspeechprocessinghasnotbeenparticularlyexplicit aboutwhyandhow theapproach
deliversperformancebenefits.For instance,Hermansky (1998)cites“applicationof auditoryknowledge”and
Sivakumaran,Ariyaeeinia,andHewitt (1998)give“a closersimulationof . . . humanperception”asreasonsto
expectimprovedspeechandspeaker recognition,respectively.

7.1 Bias/variance dilemma

In ourview, thereis amoregeneralandcompellingreasonwhy sub-bandprocessingdeliversbenefits.Success-
ful recognitionis critically dependentonbuilding goodspeakermodelsfrom thetrainingdata.Datamodeling,
however, is subjectto thewell-known bias/variancedilemma(Geman,Bienenstock,andGoursat1992;Bishop
1995,Sect.9.1; Cherkassky andMulier 1998,pp.80–85). This is usuallydiscussedin the context of neural
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Figure6: Averagevaluesof d � , identificationerrorandequalerrorratefor eachsub-bandusingtestonly (‘–’),
trainingonly (‘– –’) andbothtogether(‘– � –’).

Figure7: The weights(normalizedto sumto 1) basedon d � (top), averageidentificationerror (middle) and
equalerrorrate(bottom)for eachsub-bandusingtestonly (‘–’), trainingonly (‘– –’) andbothtogether(‘– � –’).
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network learningalthoughtheissuesareconsiderablywiderandapplyto datamodelinggenerally. Theapprox-
imationerrorwhenestimatinga modelfrom data(ignoringerrorarisingfrom intrinsic noisein thedatawhich
setsanoverall limit) is thesumof two contributions:

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

2. bias squared– or just ‘bias’ – which reflectsmismatchbetweenthe ‘true’, underlyingfunctionwe are
trying to learnandtheactualmodelusedto approximateit.

Accordingto thisdilemma,modelswith toomany adjustableparametersrelativeto theamountof trainingdata
will tendto overfit thedata,exhibiting highvariance,andsowill generalizepoorly. On theotherhand,models
with too few parameterswill be over-regularised,or biased,andso will be incapableof fitting the inherent
variability of thedata.Theproblemof tradingoneagainsttheotherto find theoptimalnumberof parameters
cannotbeattackeddirectly becausebothbiasandvariancedependon theabstract,underlyingfunctionwe are
trying to model(andwhich heredescribesa particularutterancefrom a particularspeaker). Obviously, this is
unknownor therewouldbenopointin modelingit empirically! Wehypothesizethatsub-bandprocessingoffers
apracticalsolutionto thebias/variancedilemmaby replacinga large,unconstraineddatamodelingproblemby
severalsmaller(andhencemoreconstrained)problems.

The sub-bandsystemhas 192 parametersin total (12LP parameters� 16sub-bands), comparedwith
just 12 for the widebandsystem. From this perspective, it might be arguedthat the sub-bandsystemout-
performsthewidebandonemerelybecauseit hasmoreparametersandthatthevery factof splitting thesignal
into sub-bandsis irrelevant. Perhaps,then,we could achieve performanceimprovementsfor the wideband
systemsimply by increasingLP modelorder. Obviously, to attempt192-orderLP analysisof the wideband
signal,for directcomparabilitywith thesub-bandsystem,wouldbeill-advised! Eachframeof speechcontains
just 8000 � 20 � 10� 3 � 160samplessowe would betrying to fit a modelwith more‘parameters’thandata
points. This is not ‘data modeling’ at all! Even if we halved the numberof parametersto around80 or 90,
this would surelyresult in massive overfitting to the noiseandotherartifactsin the data. Empirical support
for this notion in the specificcontext of speaker recognitioncomesfrom the work of Reynolds(1994),who
writes: “giving too muchspectralresolutionwill degradeperformanceby modelingspuriousspectralevents
or introducingtoo many parametersto be trained” (p.642). As we have seen,overfitting is the variancepart
of the bias/variancedilemma. Clearly then,the sub-bandapproachoffersat leastthe possibility to usemore
parameters(soachieving a good,low-biasmodel)while, at thesametime, avoiding overfitting (a modelwith
too muchvariance).

As aconsequenceof theprincipleof time-frequency duality (e.g.,Damper1995,p.158),eachof the16fil-
teredtime trajectoriesis slowly-varyingcomparedto thewidebandsignal. (Accordingto this duality, a signal
which is compactin frequency – asa resultof bandpassfiltering – is spreadout in time.) So the problem
of modelingeachsub-bandtrajectoryis considerablyeasierthanthatof modelingthe widebandsignal. That
is, we are lessproneto the biaspart of the bias/variancedilemma. We canhopeto get a good,unbiasedfit
to eachtime trajectorywith 12th orderLP analysiswherewe could not do so with the widebandsignal,or
evena significantlyhigherorderanalysis.Further, by varying thenumberof sub-bands,we effect a trade-off
betweenthe precisionwith which we model time andthat with which we model frequency. We know from
theHeisenberg-Gaboruncertaintyprinciple(Gabor1946;1950;Schroeder1999,pp.188–190)thatwe cannot
modelbothperfectly. We do not know that16 sub-bandsand20 msframesyieldstheoptimalgrainof analy-
sis (or sizeof theso-called‘Heisenberg box’) but we have shown that it is significantlybetterthanwideband
analysis(with thesame20msframes).

7.2 Effect of sub-band processing on cepstral representation

In light of theseconsiderations,we believe that a betteroverall model is obtained(after combination). In
supportof this hypothesis,let usexplorehow thesub-bandapproachaffectsthepositionof theLP polesof the
speakermodelsand,therefore,thecepstralrepresentationof thespeechfor eachsub-band.Accordingto Kittler
etal. (1998):“An importantissuein combiningclassifiersis thatthis is particularlyusefulif they aredifferent”.
In effect then,the individual recognizersbecome‘experts’ for their particular, differentspectralregions. The
advantagesof combiningindividual,expertopinionsto deriveaconsensusview arebecomingwell established
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Figure8: Representative frameof voicedspeech(top) andits Fourier amplitudespectrum(bottom)with the
smoothedspectrumof theLP analysisoverlaid.

in patternrecognitionandneuralcomputation(Jacobs,Jordan,Nowlan, andHinton 1991; Wolpert 1992)–
althoughwemustcautionthatthesub-bandsignalsdonotsatisfythe(strong)assumptionof independence(see
above).

We considerfirst the widebandmodel. Figure8 shows a typical frameof voicedspeechfrom the word
seven. The upperfigure shows the 20ms frame of speechand the lower diagramshows the Fourier am-
plitude spectrum(in decibels)of the frame as well as the smoothedlog-spectrum,generatedfrom the im-
pulseresponseof a filter createdusingthe LP coefficients. The smoothedlog-spectrumshows four peaksat
approximately600,1600,2500and3500Hz.

Figure9 shows the smoothedlog-spectrageneratedby the impulseresponsesof filters createdusingthe
LP coefficients. Here,the x-axis representsthe frequency in hertz,the y-axis the sub-bandindex andthe z-
axisthespectralmagnitudein decibels.Theeffectsof thevariationsin LP coefficientsacrossthe16 different
modelsarereadily visible in the spectrum.Thepolesof the filter (representedby the peaksin thesmoothed
spectrum)areclearlypositionedatdifferentfrequenciesin thedifferentsub-bands.This is notsurprising:after
all, this emphasisof differentfrequenciesis preciselywhat the filterbankis designedto do. In termsof data
modeling,thepolesof theLP filter areallocatedto theparticularareasof thespectrumwhich areprominentin
eachsub-band.Startingat the low-frequency endof thespectrum,thefirst sub-bandhastwo prominentpoles
locatedbelow 800Hz. As theindex (centerfrequency) is increased,thesetwo polescomeclosertogether, until
finally by sub-band8 or 9 they aremodeledasa singlepole. As the index increasesfurther, the influenceof
this low-frequency poleis reduced.

A similareffect is seenin theotherfrequency rangesasthefilterbankemphasizesor de-emphasizesspecific
regionsof thespectra.In particular, sub-bands9–14(centerfrequencies1218–2659Hz) locatemany polesin
the middle-frequency rangewhich were absentfrom the low-frequency bandsand also from the smoothed
spectrumof thewidebandanalysisin Figure8.

Thecorrespondingsub-bandcepstrumis depictedin Figure10,wheretheLP cepstralcoefficientsfor each
bandareshown. Thevariationin spectralresolutionacrossfrequency whichwasvisible in Figure9 is reflected
here. This variation is vital to the approach:if therewere little or no differencebetweenthe bands,there
couldonly be limited gainsfrom sub-bandprocessing(at leastwith cleanspeech,ashere). In effect, thefree
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Figure9: Smoothedsub-bandLP spectrafor thevoicedframeof speechshown in Fig. 8.
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parametersof theLP modelareconstrainedto beuniformly deployedacrosstheselectedfrequency range,so
thatmoreparametersin totalcanbeusedwithoutoverfittingthanwith thewidebandsystemwherethemodeling
processdoesnot featurethis inbuilt constraint.Consequently, sub-bandprocessingmeansthateachspeaker’s
utterancesaremodeledin moredetail thanwith a widebandapproach.This improvementin modelingthe
speakersshouldleadin turn to improvementsin speaker recognitionperformance,asobservedhere.

8 Conclusions and Discussion

Performanceimprovementsthroughtheuseof sub-bandprocessinghave previously beenreportedfor speech
recognition,wherethemainmotivationhasbeento introducerobustnessagainstnoisebasedon thepresump-
tion thatnarrow-bandnoisewill affect somebut not all channels.This paperhasconfirmedthatperformance
improvementscanbegainedfrom sub-bandprocessingin text-dependentspeakerrecognition,for cleanspeech.
Otherinvestigatorshavepresentedsimilar resultsbut have not offeredanexplanationasto why sub-bandpro-
cessingactuallyworks. Although the Fletcher-Allen principle – embodyinggeneralnotionsof how humans
recognizespeech– providesthebackground,it remainsunclearpreciselyhow performancebenefitsaccrue.In
this paper, we have advancedandexploredthehypothesisthatsub-bandprocessingoffersa practicalsolution
to thebias/variancedilemmaof datamodeling.That is, unlike a widebandsystem,thefreeparametersof the
speaker modelsareconstrainedto be moreuniformly deployed acrossfrequency so that moreparametersin
total canbe used(so reducingbias)without incurring undueoverfitting (variance)to spuriousaspectsof the
speechsignal– suchasnoisewhich is local in frequency or theroll-off of anti-aliasfilters. Hence,generaliza-
tion to unseendatais improved.

Thework herehasusedthesumrule of combinationexclusively, in light of Kittler et al.’s (1998)finding
that this is generallysuperiorto alternatives, suchas the productrule. However, weightingsbasedon the
speaker recognitionperformanceof eachindividual sub-bandgave no improvementon the unweightedsum.
This is in keepingwith BourlardandDupont’s (1996)findings,who foundcomparableerror rateswhenthey
usedthe arithmeticmeanandweightingssimilar to oursin sub-bandspeechrecognition.Betterresultswere
only obtainedthroughthe non-linearMLP approach.However, they also found that, in narrow-bandnoise
conditions,weightingsbasedonphonemerecognitionaccuracy andonthesignal-to-noiseratioof thesub-band
gave lower error ratesthandid the arithmeticmean. Hence,althoughthe resultsherehave generallyproved
to be a significantimprovementon widebandprocessing,theremay be evengreatergainsto be hadin noisy
conditions. Accordingly, studiesof sub-bandspeaker recognitionwith noisy speecharea priority for future
work.

Our mainconclusionis that sub-bandprocessingcanleadto improvedspeaker modelingby constraining
theproblemsuchthat the freeparametersof the modelarefairly uniformly deployedacrossfrequency. This
improvedmodelingresultsin lower identificationandverificationerror ratescomparedto the widebandap-
proach.However, muchremainsto bedoneto explorefully thenew paradigm:theconfigurationusedthusfar
maynotbeoptimal.The16sub-bandswerechosena priori andspacedon theestablishedpsychophysicalmel
scale.We intendto studytheeffect on performanceof usingdifferentnumbersof filters, differentlyspacedin
frequency. TheLP modelorder(12th)for representingtheoutputsof thesub-bandfilterswaschosensimply to
bethesameasfor thewidebandsystem(becausethesamplingratesarethesame).It remainsto beconfirmed
explicitly that the gainsdueto sub-bandprocessingcannot be achievedmorecheaplyby merelyincreasing
the modelorder for the widebandsystem. Furtherwork on the combinationstrategy is requiredto confirm
that the sumrule doesindeedoutperformother rulesof combinationin this specificapplication. The num-
berof speakersin the databaseshouldalsobe variedanda wider rangeof speechmaterialsstudiedto define
betterthosecircumstancesin which sub-bandprocessingis advantageous.Theexperimentalsystemdescribed
herehasbeendesignedfor simplicity soasto facilitatesuchexploration: it is not state-of-the-art.Yet it is a
strongpossibility thatperformanceimprovementsby sub-bandprocessingandsubsequentinformationfusion
aremosteasily(or only) obtainedwhentherecognitionmethodologyemployedis itself only moderatelycapa-
ble. Accordingly, anotherpriority is to ascertainwhetheror not thesameperformanceimprovementscouldbe
obtainedusingsub-bandprocessingin conjunctionwith state-of-the-artspeakerrecognitiontechniquessuchas
Gaussianmixturemodels(Reynolds1995).

The datamodelingperspective developedherehasimplicationsfor other importantproblemsin speech
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scienceandtechnology. For instance,in audio-visualspeechrecognition,theissueof early versuslate combi-
nationis well known (e.g.,Hennecke, Stork,andVenkateshPrasad1996). Early combinationfusesdifferent
sourcesof information into a single, large featurevectorwhich forms the input to a single recognitionsys-
tem. Late combinationusesdifferent, independentrecognitionsub-systemswhoseoutputsare fused. With
the insightsgainedin this work, it is clearthatearlycombinationposesa large,relatively unconstraineddata
modelingproblemand,consequently, latecombinationis muchbetteradvised.

References

Allen, J.B. (1994).How dohumansprocessandrecognizespeech?IEEETransactionsonSpeech andAudio
Processing2(4), 567–577.

Atal, B. S.(1974).Effectivenessof linearpredictioncharacteristicsof thespeechwavefor automaticspeaker
identificationandverification.Journalof theAcousticalSocietyof America55, 1304–1312.

Auckenthaler, R. andJ. S. Mason(1997).Equalizingsub-banderror ratesin speaker recognition.In Eu-
ropeanSpeech CommunicationAssociation(ESCA)Conference, Eurospeech97, Rhodes,Greece,pp.
2303–2306.

Besacier, L. andJ.-F. Bonastre(1997).Subbandapproachfor automaticspeaker recognition: optimal di-
vision of the frequency domain.In Proceedingsof 1st InternationalConferenceon Audio- andVisual-
BasedBiometricPersonAuthentication(AVBPA), Crans-Montana,Switzerland,pp.195–202.

Bimbot, F. andL. Mathan(1994).Second-orderstatisticalmeasuresfor text-independentspeaker recogni-
tion. In EuropeanSpeech CommunicationAssociation(ESCA)Workshopon AutomaticSpeaker Recog-
nition, IdentificationandVerification, Martigny, Switzerland,pp.51–54.

Bishop,C. M. (1995).Neural Networksfor PatternRecognition. Oxford,UK: ClarendonPress.

Booth,I., M. Barlow, andB. Watson(1993).Enhancementsto DTW andVQ decisionalgorithmsfor speaker
recognition.Speech Communication13, 427–433.

Bourlard,H. andS. Dupont (1996).A new ASR approachbasedon independentprocessingandrecom-
binationof partial frequency bands.In Proceedingsof InternationalConferenceon Spoken Language
Processing(ICSLP96), Philadelphia,PA, pp.426–429.

Bowles,R. L., R. I. Damper, andS.M. Lucas(1988).Combiningevidencefrom separatespeechrecognition
processes.In Proceedingsof 7thFASESymposium,Speech88, Volume2, Edinburgh,Scotland,pp.669–
674.

Campbell,J.P. (1997).Speaker recognition:A tutorial.Proceedingsof theIEEE 85(9), 1437–1462.

Carey, M. J.andE.S.Parris(1992).Speakerverificationusingconnectedwords.Proceedingsof theInstitute
of Acoustics14(6), 95–100.

Cherkassky, V. andF. Mulier (1998).LearningfromData. New York, NY: JohnWiley.

Damper, R. I. (1995).Introductionto Discrete-TimeSignalsandSystems. London:ChapmanandHall.

Doddington, G. (1985). Speaker recognition– identifying peopleby their voices. Proceedingsof the
IEEE 73(11),1651–1664.

Doddington,G., W. Liggett, A. Martin, M. Przybocki,andD. Reynolds(1998).Sheep,goats,lambsand
wolves:A statisticalanalysisof speakerperformancein theNIST 1998speaker recognitionevaluation.
In Proceedingsof 5th InternationalConferenceon Spoken Language Processing, ICSLP98, Sydney,
Australia.Paper608on CD-ROM.

Finan,R. A. (1998).Towards the Useof Sub-BandProcessingin AutomaticSpeaker Recognition. Ph.D.
thesis,Schoolof Engineering,Universityof AbertayDundee.

Finan,R. A., A. T. Sapeluk,andR. I. Damper(1997).Impostorcohortselectionfor scorenormalisationin
speakerverification.PatternRecognitionLetters 18, 881–888.

Furui,S. (1997).Recentadvancesin speaker recognition.PatternRecognitionLetters18, 859–872.

18



Gabor, D. (1946).Theoryof communication.Journalof theInstitutionof ElectricalEngineers93, 429–457.

Gabor, D. (1950).Communicationtheoryandphysics.PhilosophicalMagazine4, 1161–1187.

Geman,S.,E. Bienenstock,andR. Goursat(1992).Neuralnetworksandthebias/variancedilemma.Neural
Computation4, 1–58.

Hennecke,M., D. G. Stork,andK. VenkateshPrasad(1996).Visionaryspeech:looking aheadto practical
speechreadingsystems.In D. G. Stork andM. Hennecke (Eds.),Speechreadingby Humansand Ma-
chines:Models,SystemsandApplications, pp.331–349.Berlin, Germany: NATO ASI Series,Springer.

Hermansky, H. (1998).Shouldrecognizershaveears?Speech Communication25(1–3),3–27.

Hermansky, H. andN. Morgan(1994).RASTA processingof speech.IEEE Transactionson Speech and
Audio Processing2(4), 578–589.

Hermansky, H. andS. Sharma(1998).TRAPS – Classifiersof temporalpatterns.In Proceedingsof 5th
InternationalConferenceon SpokenLanguage Processing, ICSLP98, Sydney, Australia.Paper615on
CD-ROM.

Hermansky, H., S.Tibrewala,andM. Pavel (1996).TowardsASRonpartiallycorruptedspeech.In Proceed-
ings of 4th InternationalConferenceon SpokenLanguage Processing, ICSLP96, Volume1, Philadel-
phia,PA, pp.462–465.

Jacobs,R. A., M. I. Jordan,S. J. Nowlan, andG. E. Hinton (1991).Adaptive mixturesof local experts.
Neural Computation3, 79–87.

Kittler, J., M. Hatef,R. P. W. Duin, andJ. Matas(1998).On combiningclassifiers.IEEE Transactionson
PatternAnalysisandMachineIntelligence20(3), 226–239.

Li, K.-P. andJ. E. Porter(1988).Normalizationsandselectionof speechsegmentsfor speaker recognition
scoring.In Proceedingsof IEEE InternationalConferenceon Acoustics,Speech andSignalProcessing,
ICASSP88, New York, NY, pp.595–598.

Linde,J.,A. Buzo,andR. M. Gray(1980).An algorithmfor vectorquantizerdesign.IEEETransactionson
Communications28, 84–95.

Markel, J.D. andA. H. Gray(1976).Linear Predictionof Speech. Berlin, Germany: Springer-Verlag.

Matsui,T. andS.Furui (1995).Likelihoodnormalizationfor speakerverificationusingphone-andspeaker-
independentmodels.Speech Communication17, 109–116.

Morris, A., A. Hagen,andH. Bourlard(1999).The full-combinationsub-bandsapproachto noiserobust
HMM/ANN-basedASR. In Proceedingsof 6th EuropeanConferenceon Speech Communicationand
Technology(Eurospeech99), Volume2, Budapest,Hungary, pp.599–602.

Naik, J. M., L. P. Netsch,and G. R. Doddington(1989). Speaker verification over long-distancetele-
phonelines. In Proceedingsof InternationalConferenceon Acoustics,Speech and SignalProcessing,
ICASSP89, Volume1, Glasgow, Scotland,pp.524–527.

Okawa,S.,E. Bocchieri,andA. Potamianos(1998).Multi-bandspeechrecognitionin noisyenvironments.
In Proceedingsof InternationalConferenceon Acoustics,Speech and SignalProcessing, ICASSP98,
VolumeI, Seattle,WA, pp.641–641.

Owens,F. J. (1993).SignalProcessingof Speech. Basingstoke,UK: Macmillan.

Picone,J. (1993).Signalmodelingtechniquesin speechrecognition.Proceedingsof the IEEE 81, 1215–
1247.

Reynolds,D. A. (1994).Experimentalevaluationof featuresfor robustspeaker identification.IEEE Trans-
actionson Speech andAudio Processing2(4), 639–643.

Reynolds, D. A. (1995).Speaker identificationand verification using Gaussianmixture models.Speech
Communication17, 91–108.

Reynolds,D. A. (1997).Comparisonof backgroundnormalizationmethodsfor text-independentspeaker
verification. In Proceedingsof 5th EuropeanConferenceon Speech Communicationand Technology
(Eurospeech97), Volume2, Rhodes,Greece,pp.963–966.

19



Rosenberg, A. E. andS. Parthasarathy(1996).Speaker backgroundmodelsfor connecteddigit password
speakerverification.In Proceedingsof IEEE InternationalConferenceon Acoustics,Speech andSignal
Processing, ICASSP96, Volume1, Atlanta,GA, pp.81–84.

Rosenberg, A. E. andF. K. Soong(1987).Evaluationof a vectorquantizationtalker recognitionsystemin
text dependentandtext independentmodes.ComputerSpeech andLanguage22, 143–157.

Schroeder, M. (1999). ComputerSpeech: Recognition, Compressionand Synthesis. Berlin, Germany:
Springer-Verlag.

Siegel, S. (1956).NonparametricStatisticsfor the Behavioral Sciences. Tokyo, Japan:McGraw-Hill Ko-
gakusha.

Sivakumaran,P., A. M. Ariyaeeinia,andJ.A. Hewitt (1998).Sub-bandspeaker verificationusingdynamic
recombinationweights.In Proceedingsof5thInternationalConferenceonSpokenLanguageProcessing,
ICSLP98, Sydney, Australia.Paper1055on CD-ROM.

Sivakumaran,P., A. M. Ariyaeeinia,J. A. Hewitt, andJ. A. Malcolm (1998).An effective sub-bandbased
approachfor robustspeakerverification.Proceedingsof theInstituteof Acoustics20(6), 69–72.

Steeneken,H. T. M. andT. Houtgast(1999).Mutual dependenceof theoctave-bandweightsin predicting
speechintelligibility . Speech Communication28, 109–123.

Thompson,J.andJ.S.Mason(1994).Thepre-detectionof error-proneclassmembersattheenrollmentstage
of speaker recognitionsystems.In EuropeanSpeech CommunicationAssociation(ESCA)Workshopon
AutomaticSpeaker Recognition, IdentificationandVerification, Martigny, Switzerland,pp.127–130.

Tibrewala, S. andH. Hermansky (1997).Sub-bandbasedrecognitionof noisy speech.In Proceedingsof
InternationalConferenceon Acoustics,Speech andSignalProcessing, ICASSP97, VolumeII, Munich,
Germany, pp.1255–1258.

Wolpert,D. H. (1992).Stackedgeneralization.Neural Networks5, 241–259.

Yu, K., J. Mason,andJ.Oglesby(1995).Speaker recognitionusinghiddenMarkov models,dynamictime
warpingandvectorquantisation.IEE Proceedings:Vision,ImageandSignalProcessing142, 313–318.

Zwicker, E. andE. Terhardt(1980).Analyticalexpressionsfor critical-bandrateandcritical bandwidthasa
functionof frequency. Journalof theAcousticalSocietyof America68(5), 1523–1525.

20


