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Abstract

TheCorrelationNetworkmodelsenesasaframevork for mod-
els of auditory processingfor pitch, timbre, localization and
soundseagregation. It compriseghreemodules.The first mod-
ule calculatesarraysof runningcorrelationcoeficients(two au-
tocorrelationarrays,onecrosscorrelatiomrray). Eacharrayis

two dimensionalindexedin time measuredelative to a sliding

origin (the "present”),andlag. If peripheralfrequeng anal-
ysis is takeninto account,the arrayshave a third dimension:
tonotopy Integrationover a sliding window in the correlation
calculationremoresmostof thefine time structure sothe out-

put of the first moduleconsistsof slowly varying values. The
secondmodule calculatesa weightedsum of its inputs. The
third modulecontrolsthe weightsof the secondnodulewhile

monitoringits output,andis responsibldor producingthe be-
havior expectedfrom the model. Baseduponthe Correlation
Network model, a wide rangeof modelsof pitch, timbre and
binauralprocessinganbe implementedin particularthosein-

volving correlationand cancellation. It offers a uniform basis
for theseoperationswith a simplemappingto known anatomy
(modulel to the brainstemmodulesll andlll to midbrainand
beyond). It allows complex models(suchas multi-stagecan-
cellation)to be castin relatively simpleandplausibleterms. It

providesusefulinspirationfor signalprocessingaskssuchas
FO estimation spectralestimationandsourceseparation.

1. Intr oduction

The anatomyof the auditory systemcomprisesthe cochlea,
that splits the acousticsignal into channelsthat respondbest
to narrav bandsof frequenciesand several stagesof neural
processingwithin the auditory nenous system. Much of this
circuitry is suited for the transportand processingof time-
domain patterns,suggestinghat time-domainanalysisis car

ried outwithin the nenoussystem Classicmodelsassumehat
the cochleaproducesonly slowly-varyingspectrajpatternsput

recentlytherehasbeena developmentof time-domainneural
processingnodelsto explain pitch, timbre andsoundsegrega-
tion. Severalof thesemodelsarebasedn correlationinvolving

excitatory-eccitatory (EE) neuralinteraction or cancellatiorin-

volving excitatory-inhibitory(El) interaction.

The binaurallocalizationmodel of Jefress[15] is one of
the earliesttime-domainmodels.A networkof delaylinesand
neuralcoincidencecounterds fed from both ears. In response
to asoundsourceto onesideof themidline plane peakactiity
occursatapositionfor which aninternaldelaycompensatefor
the differencebetweerexternalpropagatiordelaysto eachear
This indicatesthe azimuthof the source.Anotherearly model
is the monauralpitch modelof Licklider [19], which alsopos-
tulatesdelaylines and coincidencecounters. In responseo a
periodicsound peakactivity occursata positionfor which the
internaldelaymatchegheperiod. Thisindicateghepitch of the
sound. The networkcalculateghe equivalentof the autocorre-

lation function, which is known to carry the sameinformation
asthe power spectraldensity(its Fourier transform). Indeed,
MeddisandHewitt [17] suggestedhatit couldbe usedto iden-
tify vowel timbrein a pattern-matchingnodel.

A secondclassof modelsinvolves inhibitory interaction.
In the equalization-cancellatiofEC) model of Durlach [14],
delayedsignalsfrom both earsare subtractedjnsteadof mul-
tiplied asin Jefresss model. This allows a stronginterfering
sourceto be canceledsothata weaktarget canmoreeasilybe
detected A similarideahasbeenappliedto monauralprocess-
ing of mixturesof soundssuchassimultaneousoicesor mu-
sicalsoundq7, 8]. Periodicinterferenceés suppressedothata
weakertaigetcanbeperceved. Cancellatiorcanalsobeusedo
explain pitch perceptior{9], andit maybe cascadedvith other
time-domainprocessingo accountor the perceptiorof multi-
plepitcheq11], binauralpitchphenomeng1], or identification
of mixturesof vowels[8].

Together thesetime-domainmodels accountfor a wide
rangeof processingunctions. The presentpaperattemptsto
unify themwithin acommonframenork.

2. The model
2.1. A basicingredient: correlation

The basicingredientis a setof arraysof autocorrelation(AC)
andcrosscorrelatioffCC) coeficients. Usinga sampled-signal
notation,the AC function of the signalat the left earis calcu-
latedas:

+W

j{: xij4r (1)

j=t+1

ri(r) =

wherez” is the signalatthe left ear, = the autocorrelatioriag

parameteand W the sizeof theintegrationwindow. A square
window is usedfor simplicity, but otherforms (suchasleaky

integration)would sene just aswell. A similar functionr{(7)

is calculatedfor theright ear(the superscripmay be dropped
for monauraimodels).TheinterauralCC functionis calculated
as:

W
c(8) = xfxﬁ_e 2
J=t+1

wheref is the crosscorrelatiotag parameter Thesefunctions
arecalculatedfor every time instantt. Thanksto temporalin-
tegrationthey arenot expectedo fluctuatemuchwith ¢, but for
accurag they areneverthelesgalculatedat eachinstantwith a
slidingwindow. Dependingonthelevel of abstractiomequired,
processings assumedo affect eachperipheralfilter channel
(in adetailedmodel),or theraw acoustiovaveforms(in amore
abstractmodel). To keepthings simple the latter is assumed
exceptwherenoted.
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Figurel: Structureof the RunningCorrelationNetworkmodel.
Fasttime-domainprocessings limited to the first module(left
of thedottedline). Subsequetprocessingperaten slowly-
varyingquantities.

2.2. Structure

The CorrelationNetwork model involves threemodules(Fig.
1). Thefirst producesarraysof AC and CC coeficients. The
secondforms a linear combinationof thesecoeficients. The
third controlsthe parametersf the secondmodulewhile mon-
itoring its output, and accountdor the behavior of the model
(pitch, timbre, etc.).

Modulel deliversall AC andCC coeficientswithin a cer
tain rangeof time andlag. As they aretemporallysmoothed
subsequentodulesprocessslowly-varying quantities,and so
fast time-domainprocessings restrictedto the first module.
Module Il formsa linear combinationwith factorsthat canbe
positive or negative. Module Il controlsthesefactorswhile
monitoringthe outputof modulell.

Modulesaredistinctfor conceptuateasonsbut it mightbe
usefulto considerimplementationsn which they are meiged,
for exampleas a neuralnetworkwith Hebbianlearning. In a
detailedmodel,moduled to lll would operatewithin eachfre-
queng channeproducedy peripherafiltering, but to simplify
we assumeéhatthey operatedirectly on acousticsignals.

1

3. Particularizations

The CorrelationNetwork modelcanbe usedto implementvar
iousknown auditory processingnodels.In somecasesmple-
mentationis trivial (correlationmodels),in othersit is slightly
lessobvious.

3.1. Autocorrelation model of pitch

This modelwasfirst proposedy Licklider [19] andis currently
one of the more popularmodelsof pitch perception.lgnoring
peripheralfiltering (asin [22]), an AC function is calculated
from the acousticsignalsampledat eitherear, andthe position
of thefunctionmaximumis usedto indicatetheperiod(andthus
thepitch) of the source.
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Z LyjljtT (3)

j=t+1

re(r) =

Sampleseparatedby a periodaresimilar andthustendto pro-
ducelarger productsthansamplesseparatedby otherintervals,
leadingto a peakin r;(7) whenr equalsthe period. Thein-
tegration smootheghesevaluesover time to producea stable
estimate.

In the presenframevork, module2 selectoonetermof the
AC array (left or right) asdeterminedby the lag parametetr.

Module 3 variesthis parametewhile monitoringthe outputfor
amaximum.

3.2. Autocorrelation model of vowelidentification

Inthemodelof MeddisandHewitt [17], avowel'sidentityis de-
terminedby templatematchingof a summarypatternobtained
by adding AC functionscalculatedwithin peripheralchannels
(seealso[11]). ThesummaryAC patterncanbe approximated
by the AC function of thewaveform.

In thepresenframeavork, module2 selectsatermof theau-
tocorrelationarraydetermineddy the lag parameter-. Module
3 variesthis parameteand matcheghe patternof variation of
the outputof module2 to atemplate.The bestmatchindicates
thevowel.

3.3. Crosscorrelation model of localization

This model,dueto Jefress[15], is the earliestdetailedmodel
of time-domainprocessingn the auditorynenoussystem.Ig-
noring peripheralfiltering, the CC function is calculatedfrom
signalssampledat both ears,and the position of the function
maximum(asafunction of lag) is usedto indicatethe azimuth
of thesource.

In the presenframevork, module2 selectoonetermof the
CC arrayasdeterminedoy parametef. Module 3 variesthis
parametewhile monitoringthe outputfor a maximum.

3.4. Cancellation model of pitch

In the previous examples,modulell performedthe trivial task
of selectingonecoeficient. This examplegivesa betterideaof
its role. The squaredifferencefunctionis definedas:
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Z (zj — 5’3J+T)2 (4)

J=t+1

dt(T) =

In the cancellatiormodelof pitch, the positionof the minimum
of thisfunctionis the cueto pitch. The cancellatiormodelcan
be seenas a sort of "negative” versionof Licklider's model.
The squaredifferencecanbe expandedandd, () expressed
in termsof AC coeficients.

t+W
dit) = Z [333 + $?+T — 22,7 4]
J=t+1
= 1¢(0) + re4-(0) — 2re(7) 5)

In the presenframenork, module2 formsthis linearcom-
binationasdeterminedy parametet. Module3 variesr while
monitoringthe outputfor aminimum.

3.5. EC model of binaural unmasking

The EqualizationCancellation(EC) modelof Durlach[14] ex-
plains why signalsin noiseare easierto detectwith two ears
ratherthanone. Signalsfrom left andright are equalized(by
applying a delay and/oran amplitudefactor to either signal)
andsubtractedo cancelthenoise. Supposinghatthedecision
statisticis enegy, it is equalto the squarediifferencefunction:

+W
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The squaredsum canbe developedandthe statisticexpressed
in termsof monauralAC andbinauralCC terms:

W
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In the presenframevork, module2 formsthe combination
determinedy parameterg and«. Module 3 setstheseparam-
etersto obtainthe bestsignal-to-noiseaatio, andthenmonitors
the outputof module2 for the presencef asignal.

The original model appliedto single channelsbut it can
be extendedto apply uniformly to eachchannelfrom the au-
ditory periphery(or to raw acousticwaveformsin a simplified
model). Culling andSummerfield5] proposecda modifiedEC
model (MEC) that departsfrom the original in two ways: (1)
eachchannelappliesthe EC operationusingits own parame-
ters,and(2) theseparametersire basedon criterialocal to the
channel.

The EC or mEC modelscanbe usedto detectthe presence
of asignal(accordingo themagnitudeof thecancellatiorresid-
ual),to produceabinauralpitch (accordingo thepositionalong
the tonotopicaxis of a peakin cancellatiorresidual)[6], or to
identify thetimbre of avowel (accordingo aneventualformant
patternin thetonotopiccancellatiorresidue)[$.

3.6. Multiple pitch model

The previous modelsassumed single stageof time-domain
processing(correlationor cancellation). This model and the
next assumeseveral stagesn cascadeThe multiple pitch per

ceptionmodelof [11] accountdor pitchesevokedby mixtures
of periodicsoundg(voicesor instrumentgplayingtogether).In

its iterative version,one soundis first suppressedly cancella-
tion tunedto an initial period estimateT’, andthe result pro-
cessedo estimatethe period of the remainingsound. Calling

z: = r¢ — x4+ thecancellatiorresiduejts AC functionis:

W W
ri(r) = Z ZtZitr = Z (e — e47)(To47 — TigrtT)
j=t+1 J=t+1

Developingproduceghelinearcombination:
ri(r)=ri(r) —re(T+7) —reg- (6 +T —7) + regr(7)  (8)

The AC function r{ () is usedto determinethe period of a
secondsound.

In the presenframevork, module2 formsthe linearcom-
binationdeterminedoy parameter§T’, 7). Module 3 setsT" to
thelatestestimateof the periodof sourceA, andvariesr while
monitoringthe outputfor a maximum. This givesan estimate
of the periodof sourceB. T' is thensetto thatvalue,and r is
variedto refinethe estimateof the periodof sourceA, etc..

Insteadof this iterative algorithm,a”joint estimation"ver
sionof thesamemodelcanbeformulatedbasedon the follow-
ing differencefunction[11]:

+W

2
Z (Tj — Tjtr1 — Tjgr2 + Tjgritr2)
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dt(Tl,TQ) =

which canbeexpandednto a sumof AC terms
di(m1,72) = r(0) + rigr1(0) + re472(0) + regr14-2(0)
—2ry(71) — 2ry(72) + 2r¢ (11 + 72)
F2ripr1(m2 = T1) = 2r44r2(71) — 2ri41(72)  (9)

In the presenframework, module2 formsthe linearcom-
bination determinedby parametergr, 2). Module 3 varies
theseparametersvhile monitoringthe outputfor a minimum.
Thesearchis eitherexhaustve (all pairsaretested)or iterative
asbefore. The original formulationof [11] requireda cascade
of cancellationstages.The presentframework offersthe same
functionwith a singlestage.

3.7. Concurrentvowelidentification model

This model explains why mixturesof vowels are betteriden-
tified if they have differentFs ratherthanthe sameF, [7, 8].

Supposinghattheperiod? of thestrongewnowelis known, that
vowelis suppressebly forming thedifferencez; = z; — z¢4 7.

Theautocorrelatiodunctionr; () of z, is thenusedo identify

the weakervowel by patternmatchingasin the modelof Med-

dis and Hewitt cited above. This function may be calculated
accordingto Eq. 8.

In the presenframevork, module2 formsthe linearcom-
bination determinedby parameterg7, 7). Module 3 setsT
(determinedaccordingto ary of the previous period-estimation
models)andvariest while monitoringthe outputof module2.
Thepatternof outputasafunctionof r is matchedo atemplate.

3.8. Binaural pitch perception model

Binauralpitch phenomenareusuallyunderstoody interpret-
ing the binauralstimulus as the sum of an interfering source
with highinterauralcorrelation andatonaltargetwith aninter
auralcorrelationthatis low or differentfrom the interference.
Theinterferencas suppressety theEC [14] or mEC[5] oper
ation. Accordingto onepopularaccounttheamountof enegy
that survives cancellationis usedas a tonotopicpatternto de-
rive pitch accordingto a spectralpitch model[6]. This account
is plausible,but paradoxicalin the sensethat thesephenom-
enahave long beencitedasevidenceagainstspectraimodelsof
pitch.

It is possibleinsteadto formulatea fully time-domainac-
count[1]. The outputof the EC stagewithin eachchannelcan
be consideredsa fast-\aryingtime-domainsignal,ratherthan
asone sampleof a slowly varying tonotopicpattern,and fed
to a pitch model suchasthosementionedabove, for example
Licklider's AC model. Denotingthe outputof the EC stageas
ze = o — z{},, its AC functionis:

ri(,0) = > (20— yeso)(@hyr — 215r10) (10)
Developingproduceghelinearcombination:
ri(r,0) = TtL(T) —c(0+7)—cip-(t+0—7)+ rﬁ_e(T) (11)

In the presenframevork, module2 formsthis combination
with parametergd, 7). Module 3 first determines) according
to thecriteriaof the EC or mEC model,andthenvariesr while
monitoringthe outputfor a maximumto estimatethe pitch. It
istrivial to introduceanamplitudeequalizatiorfactorin theEC
stage(z: = #; — azf,). EQ. 11thenbecomes:

rf(T, 9) = rtL(T) - Ofct(49 + T) — Ct+-r(t—|— g — T)

+oz2rﬁ9(r) (12)

It is alsopossibleto usea cancellationrmodelto determine
thepitch periodby minimizing a differencefunctionratherthan



maximizinganAC function:

di(r,8) = 17 (0) +rite(0) + 14, (0) + iy, (0)
—2¢4(0) — Zrtl’(r) +2c(8+7)
+2¢i4-(0 — 1) — 27"519(7') —2ci4-(0)  (13)

This allows joint estimationof both parameterdy searching
for aglobalminimum. Thesevariantsareall implementecy a
simplemodificationof modulell.

To summarizegachof thesemodelsis easilyimplemented
by adjustingthe linearcombination(modulell) andcontrolal-
gorithm (modulelll) of the CorrelatonNetwork model. The
signalprocessingnodule(modulel) remainghe same.

4. Mapping to physiology
4.1. Structure

Processingf "fast” time-domainpatternss limited to thefirst
module. This is a usefulfeaturesinceit is known that phase-
locking degradesasoneproceedswithin theauditorysystem It
is temptingto mapthe first moduleto the brainstem(cochlear
nucleusandolivary comple) andthe next two modulesto the
midbrain and beyond (inferior colliculus, MGB and cortex),
whereneuralpatternsareslower. However giventhe complex-
ity of theauditorysystemthe mappingcannotbethatclean.

Thefirst modulerequiredelaylinesandcoincidenceoun-
ters. Thereis evidenceof both, andindeedof correlation-like
calculations[21], althoughthe existenceof delay lines long
enoughto addressll needss a subjectof debate.The second
modulerequiresweightedsummatiorof relatively slow inputs,
both excitatory andinhibitory, for which thereis alsogoodev-
idence[3]. The third moduleimplementsthe algorithmic pro-
cessingequiredfor eachparticularization.Onecanonly spec-
ulate on how thatis implemented but it is worth noting that
the assumptiorof dynamicmodulationof weightsis common
amongneuralmodels.

4.2. Fastinhibition

Cancellatiormodelsaccountfor functionsnot easilyexplained
by othermodels[7, 8, 10]. However their original formulation
calls for fastinhibitory interactionbetweentemporally struc-
tured neural patterns. Thereis someevidencethat inhibitory
synapsesnay be slower than excitatory synapses It is there-
fore usefulto know thatthe samefunctionscanbeimplemented
with fastexcitatoryinteractiononly.

Thisdoesnotmeanthatfastinhibitory interactioncannote
acommodatedh the framavork, or indeedbe valuable. There
is evidenceof fastinhibitory interactionin theLSO[16]. At the
costof greatercomplexity, the CorrelationNetwork modelcan
be extendedto allow modulel to calculatedifferencefunction
termssuchas:

+W

Z (z; — 5’3J+T)2 (14)

J=t+1

dt(T) =

The advantageof theseterms,if available,is to makecertain
linear combinationssimpler and possibly more accurate. For
example thetentermsof Eq. 9 canbereplacedy six:
di(m,m2) = di(m) +digr1(m2) = 2ri(m2) + 2ri(n1 + 72)
+2ri4r1(m2 — T1) — 2r4472(71) (15)

Neverthelessall usefulfunctionscan be implementedwithout
fastinhibition, soit is notnecessaryo consideiit furtherhere.

4.3. Cascadedprocessing

Among modelsmentionedabove, several originally required
cascadedime-domainprocessing(for example the binaural
pitch modelof [1] requiredbinauralcancellationfollowed by
autocorrelation). This is a heary requirementasit entailsa
multistageneuraltopology capableof maintainingphaseock-
ing over several successie synapses The presentmodel dis-
pensesof this requirement,while offering exactly the same
functions.

4.4. Peripheral filtering

Peripherafiltering wasignoredin theformulationof themodel.

It maybeincorporatednto the modelby processingachchan-
nel in parallel and summingthe results. The outcomeis the

sameasif themodelwereappliedto thewaveform,if two con-

ditions are met: (1) peripheralfiltering is linear (so it canbe

swappedvith delayor otherlinearoperations)and(2) channels
areorthogonal(sothe power of the sumis the sumof powers).

Both conditionsareonly approximatelyfulfilled by theauditory

system.

Peripherafiltering mayhave severalfunctionaladvantages.
Oneis thatits dispersve propertieshave a "linearizing” effect
thatcompensatefor non-lineartransduction.For examplethe
half-wave rectificationpropertiesof the hair cell entailtheloss
of half the information(the missingpart of the waveform), but
this lossis compensatedf a secondchannelrespondsafter a
180° phaseshift.

A secondfunctional advantageresultsfrom compression
within eachchannel. The AC function, Fourier transformof
the power spectrumjs strongly dominatedby high-amplitude
partsof thespectrum(for examplethefirst formantof speech).
Within-channelcompressiomeduceshis dominanceand pro-
videsa more balancedepresentatiomf the spectrum,akin to
cubic-rootor log transformsthathave beenfound beneficialin
speectanalysis.

A third functionaladvantagds thatchannelslominatecby
interferencecanbeignoredin thefinal summation.

Thereis a similarity betweenauditory peripheralfiltering
followed by neuralsegregation, andrecentICA (Independent
Componenfnalysis)methodghatoperatean thefrequeng do-
main [2, 18], which allows the corvolutive mixing problemto
be replacedby several scalarmixing problems(seebelow). If
theaudiosystemmadeuseof a similar feature thatwould con-
stitutea fourth functionaladvantage.

4.5. Caveats

A first caveatis thatthemodelassumesinearity, particularlyto
implementcancellation.Non-linearitymay affect performance
to a degreethatis unknovn. An advantageof the Correlation
Network model(with respecto previous cancellationmodels)
is thatcancellatioroccurson slowly-varyingratherthanphase-
lockedpatternsLinearity maybe easierto ensurefor slow pat-
terns.

A secondcaveatis thatthe mappingof cancellationto au-
tocorrelation(Egs. 4, 5) works for modelsthat use quadratic
statisticssuch as enegy or autocorrelation. This restrictsits
generality howeverit is known thatmary perceptiorprocesses
seemto involve anenegy statistic.

A third caveat,commornto othertime-domaimrmodelsof au-
ditory processingis thatwe mustassumeneuronaldelaylines
on the orderof up to 20 ms. The existenceof delaylines that
longis still controversial.



5. Signal processing

TheCorrelationNetworkmodelmay provide usefulinspiration
for certainsignalprocessingasks.

5.1. Fundamental frequencyestimation

The principlesbehindthe CorrelationNetwork have beenap-
pliedwith successo speecti, estimation)eadingto amethod
(YIN) that seemsto outperformother methods[12] (seealso
[13], mainconference)They canalsobeusedto implementhe
multiple-periodestimatioralgorithmsof [11]. Theadvantagés
partly computationalefficient useof precalculated\C coefi-

cients),partly a questiorof flexibility. For exampleit is easyto
incorporatefactorsto compensatéor amplitudevariationof a
signal:

+W

Z (z; — O‘$J+T)2

J=t+1

= r(0)+ oz2rt+r(0) — 2ary(T) (16)

di(r,a) =

This entailsa simplechangen thecoeficientsappliedby mod-
ulell (see[12] for fuller details).Actually, in this exampleone
cango a stepfurther and determinethe value of « that mini-
mizesd. Puttingtheresultin Eq. 16 gives:

di(r) = ri (01 =re(r)*/re(0)reg-(0)]  (17)

The right-handside is a function of AC coeficients, but not
a linear combination. To acommodatet, the model mustbe
extendedto combinationstherthanlinear

5.2. Spectral estimation

We saw thatthe CorrelationNetwork allows calculationof the
AC functionsof variouslinear combination®f signalswith ar
bitrary delays,on the basisof AC (and eventually CC) coefi-
cientsof theingredientsignals. The AC functionin turn deter
minesthe power spectrurmfrom whichlog spectrumgepstrum,
LPC,PLP etc.canbederived. Themodelthusproducesanout-
putthatis suitedfor calculatingspectrakestimategndfeatures.

5.3. Matched FIR filter

Supposehat a task calls for finding a finite impulseresponse
filter suchthatthe power atits outputis maximal (or minimal)
subjectto certainconstrainton its parametersSupposinghat
thefilter has N taps,the filtered signalis alinear combination
of N delayedversionsof z;. Generalizingfrom Eq. 5, the
power canbe expressedasa sumof N(N + 1)/2 autocorre-
lation terms. Thus, to performthe taskit is not necessaryo
applytheactualfiltersto the signalandmeasureheir output:it
is sufficientto testthe correspondingombinationof autocor
relationterms.In the presenframevork, module2 formsthese
linear combinationsdefinedby the delaysof the tapsandthe
correspondindactors.Module 3 variestheseparametersvhile
monitoringthe outputfor amaximum(or minimum).

5.4. Sourcesegregationand ICA

Section3 describecanumberof sggregationmodelsthatcanbe
appliedmorewidely to sourcesegregationtasks.

Blind sourceseparatior{BSS)techniquesuchasICA (In-
dependen€omponenfnalysis)addresshetaskof recosering
several sourcesignalsfrom obseredsignalsin which they are
mixed. ConsiderN sensorshatsamplemixturesof M sources,

sothatthe obsenationsz, (t) arerelatedto the sourcesignals
sm(t) by amixing matrix X . BSSattemptsto find a matrix Y’
suchthatY X = [, theidentity matrix. The processs "blind”
in the sensehatthe mixing matrix X is unknavn. Blind sepa-
rationappliescertaincriteriato theoutputs andsearchefor the
matrix Y thatbestfulfills them.In thecaseof ICA, thecriterion
is statisticalindependenceetweeroutputs(separatedources)
accordingto variousstatisticalmeasures Early BSS attempts
addressednly the caseof a scalar(instantaneoushixing ma-
trix, but recentlythetechnique$ave beenextendedo corvolu-
tive mixing andunmixing matriceq20].

It is worth pointing out the parallel betweencancellation
modelsandICA. A modelsuchasEC subtractdbinauralsignals
onefrom another(afterdelayandanoptionalamplitudefactor),
which is a simple caseof a corvolutive unmixing matrix. The
aim is to cancelone sourceof a pair to betterdetectthe other
Obviouslyif asources successfullanceledtheoutputis then
statisticallyindependenfrom that source. Supposingthat the
modelhasa secondoutputthat cancelsthe secondsource the
two outputsarestatisticallyindependen(if inputsare)andthus
the EC modeltriesto fulfill ICA criteria.

TheCorrelationNetworkis relevantto ICA in two respects.
One s that, oncethe appropriateunmixing matrix has been
found, it provides a corvenientway to derive useful features
(power, AC function) of the unmixed signalsfrom the AC co-
efficients of the sensorsignals. Second,t may assistthe ICA
processy cheaplyproviding the statisticst needq2, 1§].

6. Conclusion

Whatis newn? We shaved that the CorrelationNetwork could
implementa numberof existing auditory processingmodels,
andsoonemight askwhatit offers beyondthosemodels.The
contribution of the new modelis to unify thosemodelswithin

a commonframenork that revealstheir basicsimilarities and
easegheir implementation. Severe requirementsuchas cas-
cadedphase-lockegrocessingpr fastinhibition, arerelaxed.
The modelstructuremapswell to the structureof the auditory
systemwith fastsignalprocessindimited to initial stagesand
slowerprocessingisedsubsequentlyPerhapshemostinterest-
ing featureof the modelis its "productiveness” sinceoncethe
basicingredientsaregranted,onecansynthesizea wide range
of functionsby simpletuningof modulesll andlll.
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