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Abstract

TheCorrelationNetworkmodelservesasaframework for mod-
els of auditory processingfor pitch, timbre, localizationand
soundsegregation. It comprisesthreemodules.Thefirst mod-
ulecalculatesarraysof runningcorrelationcoefficients(two au-
tocorrelationarrays,onecrosscorrelationarray). Eacharrayis
two dimensional,indexedin time measuredrelative to a sliding
origin (the ”present”), and lag. If peripheralfrequency anal-
ysis is takeninto account,the arrayshave a third dimension:
tonotopy. Integrationover a sliding window in the correlation
calculationremovesmostof thefine time structure,so theout-
put of thefirst moduleconsistsof slowly varying values. The
secondmodulecalculatesa weightedsum of its inputs. The
third modulecontrolstheweightsof thesecondmodulewhile
monitoringits output,andis responsiblefor producingthebe-
havior expectedfrom the model. Basedupon the Correlation
Network model,a wide rangeof modelsof pitch, timbre and
binauralprocessingcanbe implemented,in particularthosein-
volving correlationandcancellation.It offers a uniform basis
for theseoperationswith a simplemappingto known anatomy
(moduleI to thebrainstem,modulesII andIII to midbrainand
beyond). It allows complex models(suchasmulti-stagecan-
cellation)to becastin relatively simpleandplausibleterms.It
providesuseful inspirationfor signalprocessingtaskssuchas
F0 estimation,spectralestimationandsourceseparation.

1. Intr oduction
The anatomyof the auditory systemcomprisesthe cochlea,
that splits the acousticsignal into channelsthat respondbest
to narrow bandsof frequencies,and several stagesof neural
processingwithin the auditorynervoussystem. Much of this
circuitry is suited for the transportand processingof time-
domainpatterns,suggestingthat time-domainanalysisis car-
riedoutwithin thenervoussystem.Classicmodelsassumethat
thecochleaproducesonly slowly-varyingspectralpatterns,but
recentlytherehasbeena developmentof time-domainneural
processingmodelsto explain pitch, timbreandsoundsegrega-
tion. Severalof thesemodelsarebasedoncorrelationinvolving
excitatory-excitatory(EE)neuralinteraction,or cancellationin-
volving excitatory-inhibitory(EI) interaction.

The binaurallocalizationmodel of Jeffress[15] is oneof
theearliesttime-domainmodels.A networkof delaylinesand
neuralcoincidencecountersis fed from bothears.In response
to asoundsourceto onesideof themidlineplane,peakactivity
occursatapositionfor whichaninternaldelaycompensatesfor
thedifferencebetweenexternalpropagationdelaysto eachear.
This indicatestheazimuthof thesource.Anotherearlymodel
is themonauralpitch modelof Licklider [19], which alsopos-
tulatesdelaylines andcoincidencecounters.In responseto a
periodicsound,peakactivity occursat a positionfor which the
internaldelaymatchestheperiod.Thisindicatesthepitchof the
sound.Thenetworkcalculatestheequivalentof theautocorre-

lation function,which is known to carry thesameinformation
as the power spectraldensity(its Fourier transform). Indeed,
MeddisandHewitt [17] suggestedthatit couldbeusedto iden-
tify vowel timbrein a pattern-matchingmodel.

A secondclassof modelsinvolves inhibitory interaction.
In the equalization-cancellation(EC) model of Durlach [14],
delayedsignalsfrom both earsaresubtracted,insteadof mul-
tiplied asin Jeffress’s model. This allows a stronginterfering
sourceto becanceledso thata weaktarget canmoreeasilybe
detected.A similar ideahasbeenappliedto monauralprocess-
ing of mixturesof sounds,suchassimultaneousvoicesor mu-
sicalsounds[7, 8]. Periodicinterferenceis suppressedsothata
weakertargetcanbeperceived.Cancellationcanalsobeusedto
explain pitch perception[9], andit maybecascadedwith other
time-domainprocessingto accountfor theperceptionof multi-
plepitches[11], binauralpitchphenomena([1], or identification
of mixturesof vowels[8].

Together, thesetime-domainmodelsaccountfor a wide
rangeof processingfunctions. The presentpaperattemptsto
unify themwithin a commonframework.

2. The model
2.1. A basicingredient: correlation

The basicingredientis a setof arraysof autocorrelation(AC)
andcrosscorrelation(CC) coefficients.Usinga sampled-signal
notation,the AC functionof the signalat the left ear is calcu-
latedas:
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where � � is thesignalat the left ear, � theautocorrelationlag
parameterand � thesizeof the integrationwindow. A square
window is usedfor simplicity, but other forms (suchas leaky
integration)wouldserve just aswell. A similar function ���� ���	�
is calculatedfor the right ear(the superscriptmay be dropped
for monauralmodels).TheinterauralCCfunctionis calculated
as:

� � � ���!

������
�"� �����	� �� � �� �$# (2)

where � is thecrosscorrelationlag parameter. Thesefunctions
arecalculatedfor every time instant % . Thanksto temporalin-
tegrationthey arenotexpectedto fluctuatemuchwith % , but for
accuracy they areneverthelesscalculatedat eachinstantwith a
slidingwindow. Dependingonthelevel of abstractionrequired,
processingis assumedto affect eachperipheralfilter channel
(in adetailedmodel),or theraw acousticwaveforms(in a more
abstractmodel). To keepthings simple the latter is assumed
exceptwherenoted.
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Figure1: Structureof theRunningCorrelationNetworkmodel.
Fasttime-domainprocessingis limited to thefirst module(left
of thedottedline). Subsequent processingoperateson slowly-
varyingquantities.

2.2. Structur e

The CorrelationNetwork model involves threemodules(Fig.
1). The first producesarraysof AC andCC coefficients. The
secondforms a linear combinationof thesecoefficients. The
third controlstheparametersof thesecondmodulewhile mon-
itoring its output,andaccountsfor the behavior of the model
(pitch, timbre,etc.).

Module I deliversall AC andCC coefficientswithin a cer-
tain rangeof time andlag. As they aretemporallysmoothed,
subsequentmodulesprocessslowly-varying quantities,andso
fast time-domainprocessingis restrictedto the first module.
Module II formsa linear combinationwith factorsthat canbe
positive or negative. Module III controls thesefactorswhile
monitoringtheoutputof moduleII.

Modulesaredistinctfor conceptualreasons,but it mightbe
useful to considerimplementationsin which they aremerged,
for exampleasa neuralnetworkwith Hebbianlearning. In a
detailedmodel,modulesI to III would operatewithin eachfre-
quency channelproducedby peripheralfiltering,but to simplify
we assumethatthey operatedirectlyon acousticsignals.

3. Particularizations
TheCorrelationNetworkmodelcanbeusedto implementvar-
iousknown auditoryprocessingmodels.In somecasesimple-
mentationis trivial (correlationmodels),in othersit is slightly
lessobvious.

3.1. Autocorrelation model of pitch

Thismodelwasfirst proposedby Licklider [19] andis currently
oneof themorepopularmodelsof pitch perception.Ignoring
peripheralfiltering (as in [22]), an AC function is calculated
from theacousticsignalsampledat eitherear, andtheposition
of thefunctionmaximumis usedto indicatetheperiod(andthus
thepitch)of thesource.
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Samplesseparatedby a periodaresimilarandthustendto pro-
ducelargerproductsthansamplesseparatedby otherintervals,
leadingto a peakin � � ���	� when � equalsthe period. The in-
tegrationsmoothesthesevaluesover time to producea stable
estimate.

In thepresentframework, module2 selectsonetermof the
AC array(left or right) asdeterminedby the lag parameter� .

Module3 variesthis parameterwhile monitoringtheoutputfor
a maximum.

3.2. Autocorrelation model of vowel identification

In themodelof MeddisandHewitt [17], avowel’sidentityisde-
terminedby templatematchingof a summarypatternobtained
by addingAC functionscalculatedwithin peripheralchannels
(seealso[11]). ThesummaryAC patterncanbeapproximated
by theAC functionof thewaveform.

In thepresentframework,module2 selectsatermof theau-
tocorrelationarraydeterminedby thelag parameter� . Module
3 variesthis parameterandmatchesthe patternof variationof
theoutputof module2 to a template.Thebestmatchindicates
thevowel.

3.3. Crosscorrelationmodel of localization

This model,dueto Jeffress[15], is theearliestdetailedmodel
of time-domainprocessingin theauditorynervoussystem.Ig-
noring peripheralfiltering, the CC function is calculatedfrom
signalssampledat both ears,and the positionof the function
maximum(asa functionof lag) is usedto indicatetheazimuth
of thesource.

In thepresentframework, module2 selectsonetermof the
CC arrayasdeterminedby parameter� . Module 3 variesthis
parameterwhile monitoringtheoutputfor a maximum.

3.4. Cancellation model of pitch

In thepreviousexamples,moduleII performedthe trivial task
of selectingonecoefficient. This examplegivesa betterideaof
its role. Thesquareddifferencefunctionis definedas:
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In thecancellationmodelof pitch, thepositionof theminimum
of this function is thecueto pitch. Thecancellationmodelcan
be seenas a sort of ”negative” versionof Licklider’s model.
The squareddifferencecanbe expanded,and

- � ���+� expressed
in termsof AC coefficients.
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In thepresentframework, module2 formsthis linearcom-
binationasdeterminedby parameter� . Module3 varies� while
monitoringtheoutputfor a minimum.

3.5. EC model of binaural unmasking

TheEqualizationCancellation(EC) modelof Durlach[14] ex-
plains why signalsin noiseareeasierto detectwith two ears
ratherthanone. Signalsfrom left andright areequalized(by
applying a delay and/oran amplitudefactor to either signal)
andsubtractedto cancelthenoise.Supposingthat thedecision
statisticis energy, it is equalto thesquareddifferencefunction:
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The squaredsumcanbe developedandthe statisticexpressed
in termsof monauralAC andbinauralCC terms:
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In thepresentframework, module2 formsthecombination
determinedby parameters� and ; . Module3 setstheseparam-
etersto obtainthebestsignal-to-noiseratio, andthenmonitors
theoutputof module2 for thepresenceof a signal.

The original model appliedto single channels,but it can
be extendedto apply uniformly to eachchannelfrom the au-
ditory periphery(or to raw acousticwaveformsin a simplified
model). Culling andSummerfield[5] proposeda modifiedEC
model (mEC) that departsfrom the original in two ways: (1)
eachchannelappliesthe EC operationusing its own parame-
ters,and(2) theseparametersarebasedon criteria local to the
channel.

TheEC or mECmodelscanbeusedto detectthepresence
of asignal(accordingto themagnitudeof thecancellationresid-
ual),to produceabinauralpitch(accordingto thepositionalong
the tonotopicaxisof a peakin cancellationresidual)[6], or to
identify thetimbreof avowel (accordingto aneventualformant
patternin thetonotopiccancellationresidue)[5].

3.6. Multiple pitch model

The previous modelsassumeda single stageof time-domain
processing(correlationor cancellation). This model and the
next assumeseveralstagesin cascade.Themultiple pitch per-
ceptionmodelof [11] accountsfor pitchesevokedby mixtures
of periodicsounds(voicesor instrumentsplaying together).In
its iterative version,onesoundis first suppressedby cancella-
tion tunedto an initial periodestimate@ , and the result pro-
cessedto estimatethe periodof the remainingsound. CallingA � 
 � � . � ����B thecancellationresidue,its AC functionis:
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The AC function � C�F���	� is usedto determinethe period of a
secondsound.

In thepresentframework, module2 formsthe linearcom-
binationdeterminedby parameters� @ :G�+� . Module3 sets@ to
thelatestestimateof theperiodof sourceA, andvaries� while
monitoringtheoutput for a maximum. This givesan estimate
of theperiodof sourceB. @ is thensetto that value,and � is
variedto refinetheestimateof theperiodof sourceA, etc..

Insteadof this iterative algorithm,a ”joint estimation”ver-
sionof thesamemodelcanbeformulatedbasedon thefollow-
ing differencefunction[11]:
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In thepresentframework, module2 formsthe linearcom-
binationdeterminedby parameters��� � :"� 0 � . Module 3 varies
theseparameterswhile monitoringthe output for a minimum.
Thesearchis eitherexhaustive (all pairsaretested)or iterative
asbefore. Theoriginal formulationof [11] requireda cascade
of cancellationstages.Thepresentframework offers thesame
functionwith a singlestage.

3.7. Concurrent vowel identification model

This model explains why mixturesof vowels arebetter iden-
tified if they have differentF K s ratherthanthesameF K [7, 8].
Supposingthattheperiod@ of thestrongervowel isknown,that
vowel is suppressedby formingthedifferenceA � 
 � � . � �
�$B .
Theautocorrelationfunction � C� ���+� of A � is thenusedto identify
theweakervowel by patternmatchingasin themodelof Med-
dis and Hewitt cited above. This function may be calculated
accordingto Eq. 8.

In thepresentframework, module2 formsthe linearcom-
bination determinedby parameters� @ :G�	� . Module 3 sets @
(determinedaccordingto any of thepreviousperiod-estimation
models)andvaries � while monitoringtheoutputof module2.
Thepatternof outputasafunctionof � ismatchedto atemplate.

3.8. Binaural pitch perceptionmodel

Binauralpitch phenomenaareusuallyunderstoodby interpret-
ing the binauralstimulusas the sum of an interfering source
with high interauralcorrelation,andatonaltargetwith aninter-
auralcorrelationthat is low or different from the interference.
Theinterferenceis suppressedby theEC[14] or mEC[5] oper-
ation. Accordingto onepopularaccount,theamountof energy
that survivescancellationis usedasa tonotopicpatternto de-
rive pitch accordingto a spectralpitch model[6]. This account
is plausible,but paradoxicalin the sensethat thesephenom-
enahavelongbeencitedasevidenceagainstspectralmodelsof
pitch.

It is possibleinsteadto formulatea fully time-domainac-
count[1]. Theoutputof theEC stagewithin eachchannelcan
beconsideredasa fast-varyingtime-domainsignal,ratherthan
as one sampleof a slowly varying tonotopicpattern,and fed
to a pitch model suchas thosementionedabove, for example
Licklider’s AC model. Denotingtheoutputof theEC stageasA � 
 � �� . � �����# , its AC functionis:
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Developingproducesthelinearcombination:
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In thepresentframework, module2 formsthiscombination
with parameters� �+:"�	� . Module3 first determines� according
to thecriteriaof theECor mECmodel,andthenvaries � while
monitoringtheoutputfor a maximumto estimatethepitch. It
is trivial to introduceanamplitudeequalizationfactorin theEC
stage( A � 
 � �� . ; � �����# ). Eq. 11 thenbecomes:
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It is alsopossibleto usea cancellationmodelto determine
thepitchperiodby minimizingadifferencefunctionratherthan



maximizinganAC function:- � ����:<���,
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This allows joint estimationof both parametersby searching
for a globalminimum.Thesevariantsareall implementedby a
simplemodificationof moduleII.

To summarize,eachof thesemodelsis easilyimplemented
by adjustingthelinearcombination(moduleII) andcontrolal-
gorithm (moduleIII) of the CorrelatonNetwork model. The
signalprocessingmodule(moduleI) remainsthesame.

4. Mapping to physiology
4.1. Structur e

Processingof ”fast” time-domainpatternsis limited to thefirst
module. This is a usefulfeaturesinceit is known that phase-
lockingdegradesasoneproceedswithin theauditorysystem.It
is temptingto mapthefirst moduleto thebrainstem(cochlear
nucleusandolivary complex) andthenext two modulesto the
midbrain and beyond (inferior colliculus, MGB and cortex),
whereneuralpatternsareslower. However giventhecomplex-
ity of theauditorysystemthemappingcannotbethatclean.

Thefirst modulerequiresdelaylinesandcoincidencecoun-
ters. Thereis evidenceof both,andindeedof correlation-like
calculations[21], althoughthe existenceof delay lines long
enoughto addressall needsis a subjectof debate.Thesecond
modulerequiresweightedsummationof relatively slow inputs,
bothexcitatoryandinhibitory, for which thereis alsogoodev-
idence[3]. The third moduleimplementsthealgorithmicpro-
cessingrequiredfor eachparticularization.Onecanonly spec-
ulate on how that is implemented,but it is worth noting that
the assumptionof dynamicmodulationof weightsis common
amongneuralmodels.

4.2. Fast inhibition

Cancellationmodelsaccountfor functionsnot easilyexplained
by othermodels[7, 8, 10]. However their original formulation
calls for fast inhibitory interactionbetweentemporallystruc-
tured neuralpatterns. Thereis someevidencethat inhibitory
synapsesmay be slower thanexcitatory synapses. It is there-
foreusefulto know thatthesamefunctionscanbeimplemented
with fastexcitatory interactiononly.

Thisdoesnotmeanthatfastinhibitory interactioncannotbe
acommodatedin the framework, or indeedbe valuable.There
is evidenceof fastinhibitory interactionin theLSO[16]. At the
costof greatercomplexity, theCorrelationNetworkmodelcan
be extendedto allow moduleI to calculatedifferencefunction
termssuchas:
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The advantageof theseterms,if available, is to makecertain
linear combinationssimplerand possiblymoreaccurate. For
example,thetentermsof Eq. 9 canbereplacedby six:- � ��� � :"� 0 �O
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Nevertheless,all usefulfunctionscanbe implementedwithout
fastinhibition, soit is notnecessaryto considerit furtherhere.

4.3. Cascadedprocessing

Among modelsmentionedabove, several originally required
cascadedtime-domainprocessing(for example the binaural
pitch modelof [1] requiredbinauralcancellationfollowed by
autocorrelation).This is a heavy requirement,as it entailsa
multistageneuraltopologycapableof maintainingphaselock-
ing over several successive synapses. The presentmodel dis-
pensesof this requirement,while offering exactly the same
functions.

4.4. Peripheral filtering

Peripheralfiltering wasignoredin theformulationof themodel.
It maybeincorporatedinto themodelby processingeachchan-
nel in parallel and summingthe results. The outcomeis the
sameasif themodelwereappliedto thewaveform,if two con-
ditions aremet: (1) peripheralfiltering is linear (so it can be
swappedwith delayor otherlinearoperations),and(2) channels
areorthogonal(sothepower of thesumis thesumof powers).
Bothconditionsareonly approximatelyfulfilled by theauditory
system.

Peripheralfiltering mayhaveseveralfunctionaladvantages.
Oneis that its dispersive propertieshave a ”linearizing” effect
thatcompensatesfor non-lineartransduction.For examplethe
half-wave rectificationpropertiesof thehair cell entail the loss
of half the information(themissingpartof thewaveform),but
this loss is compensatedif a secondchannelrespondsafter a
180Q phaseshift.

A secondfunctional advantageresultsfrom compression
within eachchannel. The AC function, Fourier transformof
the power spectrum,is stronglydominatedby high-amplitude
partsof thespectrum(for examplethefirst formantof speech).
Within-channelcompressionreducesthis dominanceandpro-
videsa morebalancedrepresentationof the spectrum,akin to
cubic-rootor log transformsthathave beenfoundbeneficialin
speechanalysis.

A third functionaladvantageis thatchannelsdominatedby
interferencecanbeignoredin thefinal summation.

Thereis a similarity betweenauditoryperipheralfiltering
followed by neuralsegregation,andrecentICA (Independent
ComponentAnalysis)methodsthatoperatein thefrequency do-
main [2, 18], which allows theconvolutive mixing problemto
be replacedby severalscalarmixing problems(seebelow). If
theaudiosystemmadeuseof a similar feature,thatwouldcon-
stitutea fourth functionaladvantage.

4.5. Caveats

A first caveatis thatthemodelassumeslinearity, particularlyto
implementcancellation.Non-linearitymayaffect performance
to a degreethat is unknown. An advantageof the Correlation
Networkmodel(with respectto previouscancellationmodels)
is thatcancellationoccursonslowly-varyingratherthanphase-
lockedpatterns.Linearitymaybeeasierto ensurefor slow pat-
terns.

A secondcaveatis that themappingof cancellationto au-
tocorrelation(Eqs. 4, 5) works for modelsthat usequadratic
statisticssuchas energy or autocorrelation. This restrictsits
generality, however it is known thatmany perceptionprocesses
seemto involveanenergy statistic.

A third caveat,commonto othertime-domainmodelsof au-
ditory processing,is thatwe mustassumeneuronaldelaylines
on the orderof up to 20 ms. The existenceof delaylines that
long is still controversial.



5. Signalprocessing
TheCorrelationNetworkmodelmayprovide usefulinspiration
for certainsignalprocessingtasks.

5.1. Fundamental fr equencyestimation

The principlesbehindthe CorrelationNetwork have beenap-
pliedwith successto speechF K estimation,leadingto amethod
(YIN) that seemsto outperformother methods[12] (seealso
[13], mainconference).They canalsobeusedto implementthe
multiple-periodestimationalgorithmsof [11]. Theadvantageis
partly computational(efficient useof precalculatedAC coeffi-
cients),partly a questionof flexibility. For exampleit is easyto
incorporatefactorsto compensatefor amplitudevariationof a
signal:
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Thisentailsa simplechangein thecoefficientsappliedby mod-
ule II (see[12] for fuller details).Actually, in thisexampleone
cango a stepfurther anddeterminethe valueof ; that mini-
mizes

-
. Puttingtheresultin Eq. 16 gives:
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The right-handside is a function of AC coefficients, but not
a linear combination. To acommodateit, the model must be
extendedto combinationsotherthanlinear.

5.2. Spectral estimation

We saw that theCorrelationNetworkallows calculationof the
AC functionsof variouslinearcombinationsof signalswith ar-
bitrary delays,on the basisof AC (andeventuallyCC) coeffi-
cientsof the ingredientsignals.TheAC function in turn deter-
minesthepowerspectrumfrom which log spectrum,cepstrum,
LPC,PLP, etc.canbederived.Themodelthusproducesanout-
put thatis suitedfor calculatingspectralestimatesandfeatures.

5.3. Matched FIR filter

Supposethat a taskcalls for finding a finite impulseresponse
filter suchthat thepower at its outputis maximal(or minimal)
subjectto certainconstraintson its parameters.Supposingthat
thefilter has U taps,thefilteredsignalis a linearcombination
of U delayedversionsof � � . Generalizingfrom Eq. 5, the
power canbe expressedasa sumof U � U 3 R �<T 5 autocorre-
lation terms. Thus, to perform the task it is not necessaryto
applytheactualfilters to thesignalandmeasuretheir output:it
is sufficient to testthecorrespondingcombinationsof autocor-
relationterms.In thepresentframework, module2 formsthese
linear combinations,definedby the delaysof the tapsandthe
correspondingfactors.Module3 variestheseparameterswhile
monitoringtheoutputfor a maximum(or minimum).

5.4. Sourcesegregationand ICA

Section3 describedanumberof segregationmodelsthatcanbe
appliedmorewidely to sourcesegregationtasks.

Blind sourceseparation(BSS)techniquessuchasICA (In-
dependentComponentAnalysis)addressthetaskof recovering
severalsourcesignalsfrom observedsignalsin which they are
mixed.ConsiderU sensorsthatsamplemixturesof V sources,

so that theobservations��W � % � arerelatedto thesourcesignalsX�Y � % � by a mixing matrix Z . BSSattemptsto find a matrix [
suchthat [\Z 
^] , the identity matrix. Theprocessis ”blind”
in thesensethatthemixing matrix Z is unknown. Blind sepa-
rationappliescertaincriteriato theoutputs,andsearchesfor the
matrix [ thatbestfulfills them.In thecaseof ICA, thecriterion
is statisticalindependencebetweenoutputs(separatedsources)
accordingto variousstatisticalmeasures.Early BSSattempts
addressedonly thecaseof a scalar(instantaneous)mixing ma-
trix, but recentlythetechniqueshavebeenextendedto convolu-
tive mixing andunmixingmatrices[20].

It is worth pointing out the parallel betweencancellation
modelsandICA. A modelsuchasECsubtractsbinauralsignals
onefrom another(afterdelayandanoptionalamplitudefactor),
which is a simplecaseof a convolutive unmixingmatrix. The
aim is to cancelonesourceof a pair to betterdetecttheother.
Obviously if asourceissuccessfullycanceled,theoutputis then
statisticallyindependentfrom that source. Supposingthat the
modelhasa secondoutput thatcancelsthe secondsource,the
two outputsarestatisticallyindependent(if inputsare)andthus
theECmodeltriesto fulfill ICA criteria.

TheCorrelationNetworkis relevantto ICA in two respects.
One is that, once the appropriateunmixing matrix hasbeen
found, it provides a convenientway to derive useful features
(power, AC function) of theunmixed signalsfrom theAC co-
efficientsof the sensorsignals. Second,it may assistthe ICA
processby cheaplyproviding thestatisticsit needs[2, 18].

6. Conclusion
What is new? We showed that the CorrelationNetwork could
implementa numberof existing auditory processingmodels,
andsoonemight askwhat it offersbeyondthosemodels.The
contribution of the new modelis to unify thosemodelswithin
a commonframework that revealstheir basicsimilarities and
easestheir implementation.Severerequirementssuchascas-
cadedphase-lockedprocessing,or fast inhibition, arerelaxed.
Themodelstructuremapswell to thestructureof theauditory
system,with fastsignalprocessinglimited to initial stagesand
slowerprocessingusedsubsequently. Perhapsthemostinterest-
ing featureof themodelis its ”productiveness”,sinceoncethe
basicingredientsaregranted,onecansynthesizea wide range
of functionsby simpletuningof modulesII andIII.
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