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This paper shows how the functionality of F0-adaptive
spectralenvelopeestimation(Kawaharaet al. 1999a)might be
implementedwithin theauditorysystem,usingthe framework
of theCorrelationNetworkmodel(deCheveigńe,2001).

Correlation Network model. This model (hereafterCN
model)is an abstractmodelof auditoryprocessingthatallows
a rangeof auditory signal-processingfunctions to be imple-
mentedin a uniform way: pitch, timbre, localization,segre-
gation. It consistsof threemodules(Fig. 1). The first cal-
culatesarraysof runningautocorrelation(monaural)andcross-
correlation(binaural)coefficients. The secondforms a linear
combinationof coefficientsproducedby thefirst module. The
third controlstheparametersof thesecondmodulewhile mon-
itoring its output. It is responsiblefor producingthe behavior
neededfor eachfunction(pitch, etc.). Fastsignalprocessingis
limited to the first module,while the secondandthird handle
relatively slowly varying quantities.This might easemapping
of themodelto theauditorysystem(first moduleto brainstem,
secondandthird to morecentrallevels).TheCN modelcanim-
plementany modelthatoperateson a quadraticstatistic(power
or correlation)of linear combinationsof delayedversionsof
its inputs. In particularit can implementcancellationmodels
(Durlach,1963; de Cheveigńe, 1993). It hasalsoproved use-
ful asa basisfor F0 estimation(de Cheveigńe andKawahara,
2002).

While the CN model addressesauditoryprocessing,here
we treatit asa digital signalprocessingmodel to demonstrate
how thedesiredfunctionalitycanbeobtained.Thebasicingre-
dientsof the CN model arearraysof running autocorrelation
(AC) andcrosscorrelationcoefficients(hereonly theformerare
considered).Usinga sampled-signalnotation,theAC function
of thesignalat theleft earis:
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where � is the signal, � the autocorrelationlag parameterand�
the size of the integration window (supposedsquare). In

the speechprocessingliteraturethis quantity is calledautoco-
variance. In its original formulationtheCN modeluseda fixed
window sizebut herewe supposethatthat it canbetunedto an
arbitraryvalue.Thefirst modulethusproducesanarrayindexed
by time, lagandintegrationwindow size( � , � ,

�
).

F0-adaptive spectral estimation. The first stepis to es-
timate the period � , for exampleusingan algorithm alsode-
rivedfrom theCN model(deCheveigńe andKawahara,2002),
or othereffective methods(Kawaharaet al., 1999b). Next, the
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Figure 1: Structureof the CorrelationNetwork model. Fast
time-domainprocessingis limited to thefirst module(left of the
dottedline). Subsequentprocessingoperateson slowly-varying
quantities.

AC function is calculatedfor " #�$%�'& usinga window sizeof � .
The � -sizedwindow ensuresthattheACfunctionandestimates
derivedfrom it do not fluctuatein time. This functionis if nec-
essaryinterpolatedto anarrayof (*),+ samplesequallyspaced
between# and � where ( is preferablya power of two. This
arrayis thenreversedandaddedto itself ( ���-�	��
 ) ���.� ��/ ��
 ) to
avoid a sharptransitionwhenconsideredcyclically.

Finally, an ( -point DFT is taken to estimatethe power
spectrumat theharmonicsof 0�1 � +324� . Theestimateis exact
if thesignal is perfectlyperiodicand � is suchthat interpola-
tion is unnecessary(interpolationmay introducesomespectral
error). For an imperfectlyperiodicsignalthe relationbetween
thecoefficientsobtainedandtheactualspectralenvelope(what-
everthatmeans)is lessstraightforward.Onethingis clearhow-
ever: theAC calculationtechniqueeffectively avoids thespec-
tral splatterthat occurswith simplerschemes(suchasa DFT
applieddirectlyto oneperiodof thewaveform).Frequency res-
olution is +525� , the bestpossiblefor samplinga spectralen-
velope. Estimationcan be performedat arbitrary time inter-
vals,but usefultemporalresolutionis limited to 64� . Thespec-
trotemporalestimatearraycanthenbe interpolatedfor display
or resynthesisas in the standardSTRAIGHT method(Kawa-
haraet al. 1999a). Alternatively it can be useddirectly for
harmonic-weightedpattern-matchingas in the “missing data”
model of de Cheveigńe and Kawahara(1999a). In any case
thereareno periodicity-relatedartifacts.

To the extent that similar processingmight be carriedout
within the auditory system, this schemecan be seenas a
modelfor spectralestimationwithin theauditorysystem.There
is someevidencethat integration windows for pitch are F0-
adaptive (Wiegrebe, 2000; Plack and White, 2000). It has
also beenargued that F0-invariant vowel perceptioncan be



explained only on the basisof F0-dependentprocessing(de
CheveigńeandKawahara,1999a).

Multi-source spectral estimation. A nice featureof the
CN modelis that it allows calculatingthe AC functionof var-
ious transformsof the signal (or signalsin the multichannel
case),in particularlythosethatallow cancellationof interfering
sources(e.g. Durlach,1963;deCheveigńe,1993). This opens
the perspective of accurateF0-adaptive spectralestimationof
multiple concurrentsources.Thecancellationoperationintro-
duceserrorsin thespectralestimate,but they canbeeithercom-
pensatedor ignoredif F0sof theconcurrentsignalsareknown.
Estimatesof thesecanalsobe obtainedeffectively within the
CN model(deCheveigńeandKawahara,1999b,2002).

Implementation considerations. A final considerationfor
simulationsandapplicationsis that of efficiency. Major com-
putationalcostsoccurwithin module1. Its internalbandwidth
is thatof thesignalmultiplied by a factorof 798: ��; � ; where
7 : is thesamplingrateand ��; and

� ; arethemaximumlag
and window sizesneeded(both are relatedto the largest ex-
pectedperiod). The bandwidthof the interfacewith module2
is muchsmallerasmodule2 needsrandomaccessto only afew
coefficientsat a time. Storagerequirementsof module1 areon
theorderof 7=<: ��; � ;?>@; where >A; is the largesttime span
needed,but they canto someextentbereducedby synthesizing
each

�
-sizedwindow “on demand”asthesumof (onaverage)BDCFE

8
� � 
 2F6 power-of-two-sizedsubwindowsstoredin a hierar-

chicalstructure.
Bandwidth,storageandcomputationrequirementsof mod-

ule1 arelargeevenby todaysstandards.If theCN modelturns
out to begeneralanduseful,implementationasa hardwarede-
vice might makesense.This device would input oneor more
channelsof audioandsupportqueriesfor auto-andcrosscorre-
lation termswith arbitrary � , � , and

�
(fractionalqueriesbeing

handledby interpolation). As a final refinement,rather than
consideringthis device asa finite-lengthbuffer of runningcor-
relationcoefficients(deletedat oneendas they areformedat
the other), “perpetualstatistics”canbe implementedby accu-
mulatinglargescaletermsof thehierarchicalsubwindow struc-
turewhile discardingsmaller-scaleterms.A proportionof stor-
agewould thus be devotedto keepingstatisticsof ever-larger
chunksof signalsituatedever-further in thepast.This follows
theconceptof scalablemetadata(deCheveigńeandPeeters;de
Cheveigńe,2002);

Summary. To summarize,the CorrelationNetwork (CN)
modeloffers a uniform basisfor a rangeof usefulsignalpro-
cessingoperationsincludingsourcesegregation,F0 estimation,
andF0-adaptive spectrumestimation.It shows how seemingly
diversethemesexplored by both authorscan be brought to-
gether. [Thisworkwassupportedby theCognitiqueprogramme
of theFrenchMinistry of ResearchandEducation.]
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