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Abstract (English)

This paper attempts to apply ideas from a recent model otenydprocessing, the Cor-
relation Network (CN) model, to the task of estimating spggharameters of concurrent
voices or instruments. The CN model is an abstract model toraaral and binaural au-
ditory processing (pitch, timbre, localization and segt&m) comprising three modules.
The first calculates arrays of running correlation coeffitsg(monaural autocorrelation
and binaural crosscorrelation). The second module formgighted sum of the cor-
relation terms produced by the first module. The third moauwletrols the parameters
of the second module while monitoring its output, and is oesjible for producing the
model’s behavior (i.e. predict pitch, timbre, localizatjetc.). By adjusting the second
and third modules, the model may be configured to account feida range of tasks
performed by the auditory system. The signal processinignigqaes described in this
paper are the transposition of the ideas behind that modeinifial processing module
calculates arrays of running autocorrelation and/or casslation coefficients indexed
by lag, time and window size. On the basis of these coeffisjanis possible to obtain
accurate estimates of the fundamental frequenéigs) (and spectral envelopes of each
voice or instrument within a mixture. Estimates are obtdiméth good accuracy and
spectral and temporal resolution, although in some casgsntiay be incomplete due to
collisions between harmonics. Incomplete estimates maysbkd directly for weighted

pattern-matching, or else missing values may be reconstiusing a model.
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Abstract (Francais)

Cet article essaye d’appliquer les principes d’'un modetenéde traitement auditif, le
modele Réseau de Corrélation (RC), a la tache d’estimeraexi@ristiques spectrales
de plusieurs voix ou instruments concurrents. Le modele&ésle Corrélation (RC)
est un modéle abstrait de traitement monaural et binauaakélir, timbre, localisation et
ségrégation) comprenant trois modules. Le premier calbegeséries de coefficients de
corrélation (autocorrélation monaurale et corrélatiansge binaurale). Le second forme
une somme pondérée des coefficients calculés par le prebaidroisieme controle les
parametres du second tout en observant sa sortie, et asaunaportement attendu pour
chaque tache (c.a.d. prédire la hauteur, timbre, locadisattc.). En modifiant les deux-
ieme et troisieme modules, le modéle RC peut étre configuré nemdre compte d’'une
large gamme de taches effectuées par le systeme auditifetlesiques de traitement de
signal décrits dans cet article sont la transposition déssdiu modele RC. Un premier
module calcule des séries de coefficients d’autocorrélaitu corrélation croisée, in-
dexées par le délai, le temps et la taille de fenétre. Surda a ces ingrédients, on peut
obtenir des estimations des fréquences fondamentalg¢e( enveloppes spectrales de
chaque voix ou instrument d’'un mélange. Ces estimationsseénises et ont une bonne
résolution temporelle et fréquentielle, mais dans cestaas elles peuvent étre incom-
pletes du fait de collisions entre harmoniques. Des esom&incomplétes peuvent étre
utilisées directement pour la reconnaissance de formet&pée, ou alors des estimations

completes peuvent étre reconstruites a I'aide d’'un modele.
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1 Introduction

This paper addresses the task of analyzing the speech ahkeverlapping speakers, a
task for which human listeners still behave better than nm&sh(Lippmann, 1997). The
expression “cocktail party effect” was coined by Cherryg3pPto designate the ability
of listeners to follow a voice in the presence of backgrounideor competing speakers
(Brokx and Nooteboom, 1982; Scheffers, 1983; Darwin andif@yl1990). It is an ex-
ample of the more general process of Auditory Scene Ana{ys$a\) (Bregman (1990).
There have been efforts to replicate ASA mechanisms cortipoédly in what are known
as Computational Auditory Scene Analysis (CASA) systenmigné&ering work was done
by Parsons (1976), Lyon (1984) or Weintraub (1985), andnteefforts are reviewed by
and Cooke and Ellis (2001).

Among the strongest cues for perceptual segregatibansonicitysuch as occurs in
voiced portions of speech. Pairs of concurrent voices anenmielligible if they have
differentF,s (Brokx and Nooteboom, 1982; Scheffers, 1983), in whicle thsre are two
distinct time-varying harmonic structures, one for eacit&oF, cues appear to help in
at least two ways: at each instant they reduce the maskingeo¥oice by the other, and
over time they allow various parts belonging to the sameevticbe grouped together
(Darwin and Hukin, 2000). For the first role (instantaneomsiasking), it seems that the
important factor is not the harmonic structure of the tangete, but rather that of the
masker (Lea, 1992; Summerfield and Culling, 1992, de Chegegy al., 1995). Many
systems have tried to use harmonic structure to separatzmpeech, or to improve the

performance of automatic speech recognition (ASR) systammixed speech (Parsons,
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1976; Weintraub, 1985; Stubbs and Summerfield, 1988, 198,; Nakatani and Okuno,
1995; etc.).

Harmonic structure is important also fepectral estimationeven in the case of a
single voice. Supposing that speech is produced accordiagsimplified source-filter
model (a slowly time-varying filter excited by a source witlla spectral envelope),
the goal of spectral estimation is to recover the spectrptead envelope of the filter,
independently from the source. If the source is periodie,filter’s transfer function is
sampled at harmonics &, and this creates a number of difficulties. Estimates uguall
have a residual harmonic structure and temporal fluctugtidhese may be reduced by
smoothing, but depending on the degree of smoothing thdrsp@ay still show ripples
along the time and/or frequency axes, or else importantisgemporal features may be
blurred. The tradeoff i,-dependent, and indeed the best estimates are obtained with
Fo-adaptive smoothing (Kawahara, 1997; Kawahara et al., J19B@wever even such
optimal smoothing is subject to aliasing effects due to spaampling of the original
spectral envelope. If the task is pattern-matching, algasan be avoided by removing the
smoothing stage and using thg-based samples directly (de Cheveigné and Kawahara,
1999Db).

Spectral estimation is obviously more difficult when sel/smaurces are present be-
cause statistics derived from the waveform (autocor@idtinction, spectrum, etc.) re-
flect more than one source. This paper applies ideas embodeedecently-proposed
auditory processing model, the Correlation Network model Cheveigné, 2001). The
CN model is first outlined, then its basic principles are $fgsed to the practical task of

estimating spectra of two mixed voices.



de Cheveigné, Kawahara, Baskind "Cocktail party procgsslast revised: 27 Aug 2002 6

2 Correlation Network model

The Correlation Network (CN) model is described in detadéCheveigné (2001) and de
Cheveigné and Pressnitzer (2002), and is only outlined heatempts to unify a number
of models of auditory signal processing for pitch (Licklid&959; de Cheveigné, 1998;
de Cheveigné and Kawahara, 1999a; Akeroyd and Summerfi@d@)2timbre (Meddis

and Hewitt, 1992), localization (Jeffress, 1948), andegation, either binaural (Durlach,
1963) or monaural based on harmonicity (de Cheveigne, 198%). These models have
in common that they use second-order statistics of variooghinations of signals from

one or both ears.

2.1 Basic ingredient: correlation

The basic ingredient of the CN model is a set of arrays of autetation (AC) and cross-
correlation (CC) coefficients. Using a sampled-signal timtathe running AC function

of the signal at the left ear is calculated as:
t+W
r(rt) = (W) Y (i), (i =) (1)

i=t+1

wherez, (¢) is the signal at the left ear, the lag parameter anid” the size of the inte-
gration window. A square window is used for simplicity, balher forms (such as leaky
integration) would serve just as well. A similar functiog(r, ¢) is calculated for the right
ear (the subscript may be dropped for monaural models). fiteeaiural CC function is

calculated as:

t+W

c(0,1) = (W) Y a,(i)ea(i =) (@)

i=t+1
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whered is the crosscorrelation lag parameter. These functionsaoeilated for every
time instantt, using a sliding window. Depending on the level of abst@actiequired,
processing is assumed to affect the raw acoustic wavefarre gimplified model) or
each peripheral filter channel (in a more detailed model).kdep things simple, the

former is assumed except where noted.

2.2 Structure of the CN model

The CN model involves three modules (Fig. 1). The first presuarrays of AC and
CC coefficients. The second forms a linear combination csetmefficients. The third
controls the parameters of the second module while mongoits output. The third

module is also responsible for the behavior of the modetiijptimbre, etc.).

[Fig. 1 about here]

Module I delivers all AC and CC coefficients within a certaamge of time and lag. As
the coefficients are temporally smoothed (integration is.Bgand 2), modules Il and 111
process only slowly-varying quantities. Module Il formsreelar combination with factors
that may be positive or negative. Module Il controls thesetdrs while monitoring the
output of module II. The three modules are distinct for cqgal reasons, but they might

be merged within a neuronal implementation.
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2.3 Particularizations

The CN model may be used as a common processing substratglkement several
known auditory processing models. A feature common to thesgels is that they involve
second-order statisticpower or autocorrelation) of time-domain patterns of &argi
nerve fiber activity (or in more abstract models: acoustigef@ams).

As a first example, the autocorrelation model of Licklided%1) is currently a popular
explanation for pitch perception (Meddis and Hewitt, 198ariani and Delgutte, 1996).
The model assumes that AC functions are calculated witlgh ehannel of a peripheral
filter bank, but in a simplified account it may be seen as opeyain the AC function of
the acoustic waveform at either ear (Yost, 1996). The mamioéithe AC function as
a function of lagr serves as a cue to pitch. This model may be implementedIlyiume
terms of the CN model: module | calculates the AC functiondoie 1l selects one value
with parameter-, and modules IIl varies while monitoring the output of module Il for
a maximum.

As a second example, the binaural detection model of Dur(4863) explains why
detection is sometimes better with two ears than with onee fiodel (known as the
Equalization-Cancellation, or EC model) assumes thatigmakfrom one ear is internally
delayed by a lag and scaled by a facter (equalization) and subtracted from the signal

from the other ear (cancellation). The decision statistitiepowerof the remainder:
t+W
d(b,c,t) = Y (2, (i) = az,(i = 0))’ 3)

i=t+1

Expanding the squared sum on the right hand side, and distriothe summation over

terms, this statistic may be expressed as a combination naural AC and binaural CC
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terms:
d0,a,t) = 1, (0,t)+ a’r (0,1 —0) — 2ac(0,1) 4)

In the framework of the CN model, module | calculates the ssagy terms and module Il
combines them as in Eq. 4 with paramet@end«. Module |1l adjusts these parameters
to obtain the best signal-to-noise ratio, and then montteeutput of module 11 for the
presence of a signal. Durlach’s original model processead¢busticwaveforms at both
ears, but more recent models assume that similar processaugs within narrow-band
channels produced by cochlear filtering (Culling and Sunfiedd; 1995; Breebart, 2001).

Other models of auditory processing may be implementedinvitie framework of
the CN model, as summarized in Table 1. There are severahtyes in doing so.
First, it is not necessary to postulate radically diffenerttcesses for different functions:
the same structure serves for all. This makes sense if we thievauditory system as a
general-purpose processor that evolved to address a wide adé sound-processing tasks.
Second, “fast” signal processing is confined to the first neduhile the second and third
deal with more slowly varying quantities. This may facilédahe mapping between these
functional models and auditory anatomy and physiology kinown that accurate tempo-
ral synchrony is mainly found at the level of the brainstent,rot at higher levels. Third,
the CN model avoids the need to assume a cascade of accuratddmain processing,
that certain models require (de Cheveigné, 1997, de Cha#eaial. 1999, Akeroyd and
Summerfield, 2000). That assumption is expensive in terrpiydiology, and it is useful
to know that the same functionality can be attained withbat assumption.

The reader is referred to de Cheveigné (2001) and de Cheveigd Pressnitzer
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(2002) for a more detailed discussion. The rest of this paftempts to transpose the
essential ideas behind the CN model to practical tasks nasgrocessing for speech and

music.
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Table 1 Eight time-domain models of auditory processing. Each asgsadratic statis-
tic (column 2) of a linear combination of delayed inputs frome or both ears. These
may be reformulated as combinations of correlation termeswdated from the raw wave-
forms (column 3). Notationz(¢) is either the acoustic waveform (in simple models),
or the temporal pattern within one channel of the auditoryipigery (in more detailed
models). Subscripté and R indicate the left and right ear respectively, while the latk
subscript indicates that the ear is indifferent. The teim ¢) represents the autocorrela-
tion function calculated for lag at timet, whilec(4, ¢) is the crosscorrelation function at
interaural delay? and timet. The factora is applied internally to one ear to compensate
for external amplitude differences. The first module of ther@odel calculates the nec-
essary AC and CC coefficients, while the second module féranslinear combination

(column 3).
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Model Statistic Linear combination in Module 2
Licklider  (1958),| autocorrelation  of r(r,1)

pitch z(1)

Meddis and Hewit{ autocorrelation  of r(7,t)

(1992), vowel tim-| z(t)

bre

Jeffress (1948), lot crosscorrelation of ¢(6,1)

calization z, (1) andz (1)

Durlach (1963) bin4{ power of | r,(0,1) + o®r (0, — ) — 2ac(0, 1)

aural detection

z, (1) —ax (1 —0)

de Cheveigné power of| 7(0,t) + r(0,t — 7) — 2r(7,1)

(1998), pitch z(t) —z(t —71)

de Cheveigné andpower of | 7(0,¢)+r(0,t — 7))+ r(0,¢t — 7))+ (0,1 —

Kawahara  (1999) [z(t) — (1 — | 7—72)—2r(m1,1)=2r(7, 1)+ 2r(T+72, 1)+

multiple pitches ) — [z(t —v) — | 2r(y—7,t—7) = 2r(my,t — 1) —2r(T2, t —
z(t— 7 —v)] 1)

de Cheveigné autocorrelation  of r(r,t)—r(r—=T,t—=T)—r(r+T,t)+r(r,t—

(1993), vowel| z(t) — z(t —T) T)

segregation

Akeroyd and Sums autocorrelation  of r,(7,t) — ac(t — 0,t — ) — ac(t +0,1) +

merfield (2000), bin-

aural pitch

z(t) —z(t —71)

a*r(r,t—0)
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3 *“Cocktail-party” signal processing

The aim is to characterize one or more sources on the basieafranore signals in which
they are superposed. Tasks are accurgtestimation and spectral envelope estimation
for each source.

As a starting point, we assume the existence of a generabpemmodule that cal-
culates arrays of correlation coefficients from the inpghais. This module, dubbed
“Correlation Machine”, is the equivalent of module | of th&l@odel, with two addi-
tional refinements that were not in the original CN model. Titet is that coefficients are
calculated withvariable window siz€l/) and indexed by that value in addition to time
and lag. The second is that more than two inputs are allowdth(ah we mostly con-
sider the single-channel case). This module is describ#teimext section. Subsequent

sections describe processing schemes that use the cogffithat it produces.

3.1 The “Correlation Machine”

Suppose thad¥ input signalgz,(¢)) are transduced by microphones. From them, all

possible combinations of running CC and AC coefficients ateuwtated:

t+W

r(r W) = (W) Y a(i)a(i — 7) (5)

i=t+1

The calculation is performed for all values of window siZewithin a given range, so the
coefficients are indexed bl in addition tor and¢. For N input signals there ar&?
such arrays of correlation coefficients (Fig. 2). To simpiibtation, channel indices are
merged when they are the same (e:grather tharr;;) or dropped when not necessary.

W andt¢ may also be omitted.
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[Fig. 2 about here]

The set formed by these coefficients (indexed by channe) e, lag, and win-
dow size) is the basic ingredient used by algorithms desdrib rest of this paper. The
module is expected to support queries for non-integer e@xdissing interpolation. Coeffi-
cients may be calculated directly “on the fly”, or precaltetband buffered for efficiency:
scheduling is under the responsability of the module.

Implementation issues are not our main concern, but it iswoonsidering the pro-
cessing costs. Coefficients are typically needed for vatfi¢sg = and window sizéV’
within a certain range, and for arbitrary valueg ontegration over thé&/’-sized window
(Eq. 5) represents the major computational cost as it musepeated for each index.
For fixed W, the cost may be reduced by calculating coefficients for ecums/e val-
ues oft as a moving average. For variab#g, the following scheme may be used. For
each(y, k, ), denote a,.(r,t) the product:;(¢)zx(t — 7) and consider it as a time
series. Replace each even-order coefficient by the sum otomsecutive coefficients
(pjx(2t) < p;r(2t) 4+ pjx(2t + 1)). Repeat the process for pairs of even-order coefficients
(pjx(4t) < p;r(4t) + p;r(4t + 2)), and so on with increasing powers of two, up to some
order that depends on the maximum window size required. @nisdas been done, for
any W the coefficient;,(7, ¢, W) may be obtained as a sum of (on average}(1V)/2
terms. Using such techniques, it is possible to keep cortipatand storage costs within
reason. This much having been said, we consider implemeniasues no further.

Much of this paper deals with the single-channel case< 1) for which the module
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produces a single arrayr, ¢, W) of running autocorrelation coefficients:

t+W
r(rn b, W) = (W) Y a(i)a(i—7) (6)
i=t+1
Note that this definition differs from that of the short-teantocorrelation function:
t+W -1
W) = (YW) Y a(i)z(i—7) )

i=t+1

The latter definition is more common, in particular becauss efficiently calculated
by FFT. However the former definition has the property thatAlC function of a linear
combination of signals is the linear combination of their A@ctions (Papoulis, 1984,
p. 300). That property, valid for true AC functions (definegeoall time), holds also
for running autocorrelation as defined by Eq. 6 but not forsterm autocorrelation as

defined by Eq. 7. That is why we use Eg. 6.

3.2 Single and two-voicd-; estimation

Algorithms for single-voice and multiple-voiég estimation are described by de Cheveigné
and Kawahara (1999a, 2002). They work by searching withenpdrameter space of a
linear combination of delayed versions of the input signalf minimum of output power
(Fig. 3). The necessary statistics can be expressed in tdrimgut AC coefficients, and
thus they fit well within the present framework. The methods/rhe extended to han-
dle variable amplitude periodic sources, and to estimateathplitude variation factors
together with the periods (de Cheveigné and Kawahara, 200®) reader is referred to
those papers for details. Using these algorithms or otleegs Kawahara, 1999), accu-
rate period estimates may be obtained with subsample tesaluNe therefore assume

available the~, estimates required by the following algorithms.
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[Fig. 3 about here]

3.3 Spectrum estimation and the AC function

Algorithms in this paper produce AC functions that appraaienthe AC functions of

target sources. Short-term and running AC functions arb beéd in linear predictive
coding (LPC) analysis (the latter is usually called “autg@ance” in this context; Markel
and Gray, 1976). The true AC function (calculated over alkj and power spectrum form
a Fourier transform pair, so if the former is given the latten be derived, and from it
other spectral or cepstral representations. The sameei®filhe short term AC function
calculated according to Eq. 7 with respect to the short teswgp spectrum. The running
AC function (Eq. 6) does not allow such a simple relation imgyal, but if the signal

is periodicand if calculations are performed with a window of siZ€ multiple of the

period, then the running AC function is equal to the true A@ction. In that case the

power spectrum can be derived exactly.

3.4 The spectral envelope of a periodic sound

Suppose that the observed signél) was produced by a slowly-varying filter excited by

a periodic source with periodl and a flat spectral envelope. The goal is to estimate the
amplitude transfer function of the time-varying filter, emendently from the source, with
the best possible time and frequency resolution. Thereemeral obstacles to this goal.
One is the well-known tradeoff between spectral and tempesalution, another has to

do with the particular problems created by periodic exidtat
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The time-frequency tradeoff is a less serious problem tlwemneonly thought. Ar-
ticulatory and auditory constraints, respectively, lithg spectro-temporal detail of what
can be produced and perceived. Certain features (e.g.velbarsts) may require good
temporal resolution and others (e.g. low-frequency forrpatterns) good spectral resolu-
tion, but we have the option to perform several analyses as@éanon-uniform transforms
such as wavelets. For speech it is common to use represargtavith lessresolution
than allowed by the time-frequency tradeoff (e.g. meladiter bank coefficients). The
time-frequency resolution limit is not a major concern.

Periodic excitation, on the other hand, is both an advantegkea drawback. The
deterministic nature of periodic excitation avoids thed@m error inherent in noise exci-
tation, and additive noise may be reduced by averaging amogs. On the other hand,
the spectral envelope of the filtersamplecat harmonics oF,, and information encoded
in the waveform is limited to those sample points (Fig. 4)h&taspects of the filter
shape are missing and cannot be retrieved. Neverthelesstramnalysis methods gener-
ally produce “complete” envelopes as a result of interpotadr smoothing. This implies
“guessing” unknown values, and the result may differ fromttiue envelope. For applica-
tions that don’t require a complete envelope, such as pattatching, it may be better to
skip smoothing and use directly the estimated harmonic Eapgnts. For applications
that do require a complete envelope, it is arguably bestitimpe interpolation explicitly
on their basis (for example using a model of the productiacess), rather than rely on
the smoothing implicit in the estimation process. In botkesa accurate estimation of the
sample points should be the goal.

Envelopes estimated by standard methods commonly havesasyosed fine struc-
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ture that consists of spectral or temporal “ripples” raeddtethe periodic excitation. These
are particularly troublesome for resynthesis, as thegrattion with the harmonic struc-
ture of the new source (“moiré effect”) is a source of noiseéneFstructure is usually
attenuated by smoothing (based on the assumption thatitfieatenvelope was smooth,
which may or may not be true). Heavy smoothing may eliminaeful spectrotemporal
features, while light smoothing may leai/g-related structure. The optimal amount of
smoothing depends updfy. Indeed, when high-qualitif,-adaptive smoothing is ap-
plied (as in the STRAIGHT system of Kawahara et al., 1999nakkably good quality

synthetic speech results.

3.5 Fy-adaptive spectral estimation based on the AC function

Accuratel,-adaptive spectrum estimation can be performed using thieiAion. Stages
of the estimation algorithm are outlined in Fig. 5 (a). Fitlse period" is estimated. Sec-
ond, AC coefficients are calculated with an integration windize ofone period for a
range of lags fron) to 7. Window size and lag range are illustrated respectivelyuls f
and dotted lines below the waveform in Fig. 5 (b). Third, thHé €oefficient arrays are
resampled (by cubic or spline interpolation) so as to caverperiod exactly with an in-
teger number of samples (c). For computational convenitms@umber may be chosen
equal to a power of two. Fourth, the power spectrum is caledlay DFT (eventually
FFT or fast DCT). The result is a set of (frequency, amplijyakErs that constitute the
estimate (d).

If the signal is periodic, integration over7asize window produces an unbiased es-

timate of the true AC function. The DFT then produces exatineges of the power of
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each partial. The amount of signal necessary to obtain éisiglt;27', can be reduced to
3T/4 by noting that the AC function of a periodic function is evangd thus determined
by its values ovef0,7'/2]. This determines the shortest duration of a locally pedodi
segment for which exact estimates can be obtained usinggtisod.

If the signal is imperfectly periodic, the notions of parta “envelope sample” are
approximations. The previous method may give poor resuglta eesult of the spectral
splatter effects that arise when using square windows.éeTimag/ be reduced by applying
a raised-cosine window (hanning) ta2@ portion of the AC function before the DFT,
keeping one sample out of every two of the result. Grantedsyinemetry of the AC
function, this requires 27" segment of signal. We describe below a measure of perigdicit
that can be used to indicate when the assumption of perfeiidobolds, and to help
choose which strategy (square or hanning window) is ap@atEpfor a given segment of
signal.

To summarize, the AC function may be used to accurately astithe spectral enve-
lope of a periodic source at harmonicskaf. A useful feature is that the method can be
extended to several concurrent periodic signals, asiidtest in Sects. 3.8 and 3.10. In

preparation, the next section describes the notion of gagoa by harmonic cancellation.

3.6 Segregation by harmonic cancellation

Suppose that the observed sign& the sum of two signals andy, the second of which
is periodic with periodl’,. The contribution of that second source may be removed from
z by applying a filter with impulse responé&t) — 6(t — T,))/2. The resultis equal to a

comb-filteredversionz’ of the input signak, free from any influence qf, but that differs



de Cheveigné, Kawahara, Baskind "Cocktail party procgsslast revised: 27 Aug 2002 20

from z as a result of the comb filtering. The spectral effect of ajmgiya comb-filter with
delayT isillustrated in Fig. 6 (a). The power transfer function hasos at all multiples of
1/T, and these suppress all partialg,of 7' = T,. This filtering also causes the spectrum
of 2’ to differ fromz.

Of interest for the present discussion is that it is not nemgsto actually comb-filter
the input signal. Supposing its AC coefficients are avadatihe AC function of:’ is

given by:
ro(m,t) =r(r,t) —r(r +Tyt) —r(r =Tyt = T,) +r(r,t = T) (8)

From this the power spectrum of may be derived. It differs from that of to a degree
that can be estimated if is also periodic, a case treated in Sect. 3.8. The next sectio
considers any quasi-periodic sound to be the sum of two t&sliy one periodic and the

other aperiodic, and uses harmonic cancellation to s@inth

[Fig. 6 about here]

3.7 Periodic / aperiodic decomposition

Consider a quasiperiodic signal and7" an estimate of its period. Itis possible to express

x; as the sum of two signa}s anda;:

pr = (x4 + 247) /2, ar = (2 — 24_7)/2 9)

Clearly,z(t) = p(t) +a(t). We havep, = z, if z is purely periodic, whereasis non-zero

only if z is not perfectly periodic. It thus makes sense to gadinda the “periodic” and
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“aperiodic” parts of:; (note however that itself is not necessarily periodic). Denoting:

t+W

| = (1/W) ) 2} (10)

j=t+1

it is easy to verify that:
(el * + Hlze=rl ") /2 = [lpelI* + llae]|* (11)

The left hand can be understood as an estimate of the signedrgaveraged over two
windows), while terms on the right measure the power of tlexiadic and periodic parts
respectively. Signalgs anda thus also define a partition of signabwer. A measure of

waveform aperiodicity may then be defined as

e = [lall*/(llal* +1IplI*) (12)
This measure equalsfor a periodic signalf).5 for noise, andl for an “anti-periodic”
signal (such that; r = —x;).

Of interest for the present discussion is that these statistay be derived from the

AC coefficients of the input signal:

lla|| = [r(0,¢) + r(0,t + T) — 2r(¢,T)]/2

l|pll = [r(0,¢) + r(0,t + T) + 2r(t,T)]/2 (13)
For best accuracy, input AC functions should be calculati¢hl a/7'-sized window. Parse-
val’s relation implies that the power spectrapadinda also form a partition of the power
spectrum ofz (Fig. 6). “Periodic” and “aperiodic” spectra may be deriviedm AC
functionsr, andr,, themselves derived from input AC coefficients:

ro(m,t) =r(r, ) +r(r+ T, t)+r(r =Tt =T)+r(r,t =T)

ro(t,t) =r(r,t) —r(r+Tt)—r(r =Tt =T)+r(r,t = T) (14)
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Using the method of Sect. 3.5, estimates of both spectral@sned at multiples of
1/T along the frequency axis. By interpolation one can derivéopé& and aperiodic
“spectrograms”. Each estimate frame requires a signal segaf size37'.

Note that other definitions of “periodic part” and “aperiogiart” are possible. For
example if the signal is quasi-periodic ov&rcycles, thenzfj:1 z(t + kT') defines one
cycle of the best periodic approximation. The definitiondusere (which corresponds to

N = 2) offers the best possible temporal resolution.

3.8 Two-voice pitch-adaptive spectral estimation

Suppose that the observed sign# the sum of two periodic signalsandy with periods
T, andT, respectively. The following algorithm allows accuratarastion of the spectral
envelopes o€omb-filteredrersions of the input signals! filtered by a filter with impulse
responsé(t) —é(t —T,), andy’ filtered by a filter with impulse responset) — (¢ —T7,).
Supposing that all necessary AC coefficients, ¢, W) have been calculated from

the algorithm proceeds as follows:

(1) Estimate both periods, 7, and T,
(2) Based on AC coefficients calculated with W =T,:

(2a) calculate the AC function of zf

(2b) derive the spectral envel ope of 2/ at multiples of 1/7,
(3) Based on AC coefficients calculated with W =T,:

(3a) calculate the AC function of y

(3b) derive the spectral envel ope of y at nultiples of 1/7,
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Of interest in the present context is that the AC functior’ohay be calculated using
Eq. 8 based on AC coefficientér, t) = r(r,t,T,) calculated with a window of siz&,.
The spectrum estimate of is exact ifx andy are perfectly periodic. However it differs
from the spectrum of by the effect of the comb-filter, as illustrated in Fig. 7 (Ghe

ratio between the two may be represented by the power traiustetion:

e(f) = (1 = cos(2mf/| T, = T, ])/2) (15)

illustrated in Fig. 7(d).

The AC function ofy’ may be likewise calculated using Eq. 8 based on AC coeffisient
calculated with a window of siZ€&,.. The estimate of’ differs from that ofy by the same
factore(f). In principle, estimates of andy may be obtained by applying the corrective
factor1/e(f), but this obviously fails where(f) = 0, and the result is prone to noise
for e(f) small. Section 3.11 examines ways to make effective useeuftsyly distorted
estimates. Figure 7 (e) illustrates the effect of spectisabdion on the power spectrum

envelope of a vowel.

3.9 Variable-amplitude periodic signals

The methods described so far assume periodicity and maywéeduorly otherwise. In
particular, the cancellation remainder of an imperfecdyigdic source cannot be distin-
guished from interference of other sources. One importamtcg of aperiodicity does
nevertheless allow accurate estimation: amplitude vanat

First, we note thaf,-estimation methods may be extended to estimate the psyiold(

one or several variable-amplitude sources (de Cheveigh&awahara, 2002). Harmonic
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cancellation may also be extended. Suppose for exampla gighaly may be expressed

locally as:
y(t) = yo(t)e"” (16)

wherey is periodic.y may be removed from the mixtuee= = + y by applying the filter
§(t) — "T5(t — T,). Of interest for the present discussion is that Eq. 8 can tended to

obtainr,, from the input AC coefficients:

ro(T,t) = r(r,t) = Mvr(r + Ty t) — tvr(r = Tyt = T)

—I—e2bTyr(T,t - T,) a7)

Fromr,:. the spectrum of’ can be derived. It differs of course from thatafbut the
distortion is less severe than in the strictly periodic case

Period-adaptive spectral estimation may also be exteralestimate the spectral en-
velope of the underlying periodic sound (before applicatod the variable amplitude

factor). Suppose that may be expressed locally as:
z(t) = zo(t)e™ (18)

wherez, is periodic with periodl’. If a is known, the AC functior, of =, may be

obtained fromr:
ro(r,t) = r(r,1)e e (29)

If « is unknown it may be estimated by comparing amplitudes evermtindows separated

by 7. Alternatively, Eq. 6 may be replaced by:

t+W

r(rt) = (W)Y a(i+r/2)a(i—7/2) (20)

i=t41
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The amplitude factors balance each other out, so that thisuia gives directly the AC
function ofz,(¢).

The two-voice estimation algorithm of Sect. 3.8 may likesie extended. Supposing
that the variation ratesandb of x andy are known, Eq. 8 may be modified to accurately

suppress the variable-amplituge

ro(1,t) = r(r,t) — vr(r 4+ Ty t) — vr(r — Tyt — Ty)

+e?Top(rt = T,) (22)

A similar equation can suppressto obtainr,,. The values thus obtained may then be
corrected according to Eg. 19 to obtain accurate estimétie® AC functions ofx{, and
ys, comb-filtered versions of, andy,. The amplitude variation ratesandb may be
knowN before hand (for example from instrument models)heytmay be estimated as a
by-product of thd=y-estimation process (de Cheveigné and Kawahara, 2002) it
compensation of thmterferingvoice is crucial to reduce talk-through, while that of the

target is less crucial.

3.10 Multiple channels

Obvious parallels may be drawn between within-channelsetflarity (due to periodic-
ity), and across-channel similarity (due to source-mibmye propagation). If both are
available, both may be used and combined. The full range ssiptities is well beyond
the scope of this paper. Here we give just one example.

Suppose two spatially distinct sourceg) andy(t), and two spatially distinct sensors
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picking up signals; (¢) ands;(t). Neglecting room effects, we have:

() = 2(l) +ay(t—0,)

so(t) = azx(t—0,) +y(t) (22)

Wherea, andd,, are the attenuation and delay of sourde sensor 2 relative to 1, and
anddy are the attenuation and delay of sougaa sensor 1 relative to sensor 2. Time and
amplitude scales are adjusted so thandy have a delay of and a scale of at sensors
s1 ands, respectively.

If delays and attenuation are known, it is possible to suggpegher source and obtain
comb-filteredversionsz’ filtered by a filter with impulse responsé(t) — a,d(t — 6,),
andy’ filtered by a filter with impulse-responsét) — a.4(t — 6,). These are spectrally
distorted versions of andy. Taking example on Sect. 3.8, the distortion of either seurc
can be accurately estimated if that source is periodic.

Of interest for the present discussion is that it is not nemgsto actually filter the
input signals: AC functions of’ andy’ may be derived from the AC and CC coefficients

of sensor signals; ands,. For example:

rx;(T,t) = T]](T,t> — ami(T + Gy,t) — (lyT21(T —0,,t— Hy) + az

rog(T,t —6,) (23)

Depending on the number, position and nature (periodioitgpurces, a wide range
of schemes may be devised to take advantage of periodiaitgpatial cues while com-
pensating for the limitations of each. A full taxonomy is bay the scope of this paper.
Our purpose here is mainly to point out that they can be impleed based on the sensor

signal correlation coefficients produced by the “correlatnachine”.
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3.11 Pattern-matching, smoothing, reconstruction, shang

The previous algorithms may produce spectral estimataésatbancomplete and/or dis-
torted and/or uncertain. This section briefly discussesaggihes to make the best of

these estimates.

Pattern-matching. An incomplete pattern may be matched to a template by applyin
non-uniform weight that ignores the missing parts in théagtise calculation. Appropriate
matches correctly yield a distance of zero, but inapprogprizatches may also incorrectly
do so if they differ from the template by a dimension that issimg. This form of error
is unavoidable.

Distortion, if it is known, may be accommodated by applyihg same distortion to
the template. Such is the case for example where the dmtogithe result of comb-
filtering with known parameters, as in Sect. 3.8. For examiple distorted envelope
of a vowel (dotted line Fig. 3.8 (e)) can be used as a temptatedognize that vowel
accurately despite the distortion. As an alternative, #$® possible to apply anverse
filter to the distorted pattern before matching, but that appraschore complex and
prone to noise.

Uncertainty may be accommodating within the more geneaah&work of statistical
pattern matching. Uncertainty is in part due to the presef@periodicity, and can be

estimated from measures such as described in Sect. 3.7.

Models. Models may be constrained by fitting their parameters basemh@amplete

or uncertain evidence. The most useful case is where thelnsosigficiently rigid to be
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fully specified in this way. Examples are acoustic modelsoade production, or dynamic

models of articulation.

Smoothing. Smoothing may be seen as the application of a simple modetknhaoth”
spectrum, constrained by the available samples. The maalgbelocal (polynomial fit-
ting) or global (low-pass filtering, cepstral smoothing,. etWhile a sophisticated model
may be more accurate, simple smoothing may be adequateetuater,-related spec-
trotemporal fluctuations. An effective example is Eheadaptive smoothing of Kawahara

(1997; Kawahara et al., 1999).

Splitting shared data. In the two-voice situation of Sect. 3.8, harmonics of eiti@ce
that share the same frequency cannot be estimated dir€otyonly knowledge available
is the amplitudez| of their sum, which puts a weak upper bound on the absoluterdif
ence of their amplitudel$|z| — |y|)|. However if the amplitude of either voice is known,
for example from a model, that of the other may be given nagrdwunds. For example
if |y| is known thenz| is bounded byz| + |y|.

Finally, if the amplitude of both partials is known, an esdie of their relativgphases
may be derived by comparing| to |z| + |y|. For this purpose it is useful to have an
estimate ofz| free of fluctuations related to either period, a goal that lv@gpttained by
calculatingr(0, ¢, 7,), and then averaging this quantity oveif asized window. These
cascaded smoothing steps are sufficient to remove all r@didatuation related to either

T, orT,.
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4 Discussion

This paper described the transposition of a model of audperception, the CN model,
to tasks of signal processing. Other algorithms exist fersddime tasks, so it is worth out-
lining what is specific to this approach, in terms of proagggrinciples or performance.

Key ideas are: (a) Calculation at each time step of AC and @&fficeents using “run-
ning” rather than standard short-term necessary) to thegef a source. (c) Cancellation
of interfering sources by linear combination of delayeduingignals. (d) Indirect calcu-
lation of useful statistics (power and/or correlation) leése combinations as a function
of the precalculated AC and CC coefficients. (e) Period egton, and period-adaptive
spectral estimation based on these statistics. (f) Hapdifrthe resulting incomplete,
distorted or uncertain spectral estimates according teingsdata techniques.

Each of these has roots in previous work. The AC function isaadard basis for
spectral estimation (Oppenheim and Schafer, 1989), anditicplar linear prediction
(Markel and Gray, 1976). Itis the basis of auditory modelgitith and timbre (Licklider,
1951; Meddis and Hewitt, 1991, 1992). Cancellation has h&sen proposed for audi-
tory models (e.g. Durlach, 1963; de Cheveigné, 1993) asagelbr signal processing.
The relation between the covariance matrix of the outputlofear function and that of
its input is well known. Period-adaptive spectral estimathas been proposed by e.g.
Beauchamp and Madden (2000) and Kawahara et al. (1999).ingidaita techniques
have been developed for automatic speech recognition bikeCetcal. (1997).

The present work goes beyond previous work in several walgs.uEe of “running”

formulae allows the AC function of linear combinations ofayed inputs to be calculated
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from the AC and CC functions of those inputs (something netlygaone with standard
blockwise formulae based on FFT). This in turn allows acusad efficient implemen-
tation of cancellation techniques to remove interferedaurate period estimation (de

Cheveigné and Kawahara, 2002) is a key ingredient in makiegget techniques effective.

4.1 Caveats

Periodicity is exploited either to allow cancellation ofiaterfering source, or to improve
spectral estimation accuracy of the target. Departures freriodicity of the interference
reduce the effectiveness of cancellation, and for the tatg®y make period-adaptive
estimation less effective. Slow amplitude variations mayhbwever be accommodated
as explained in Sect. 3.9.

The DFT applied to the AC function produces a power spectiingereas applied to
the waveform (as in standard methods) it produces an ardplgpectrum. Neglecting
phase, one can be transformed to the other so the procethandld yield equivalent re-
sults. However spectra obtained from the AC function tenklaiee a less wide dynamic
range and to be more sensitive to windowing effects tharetibbsained from the wave-
form.

Among the techniques described in this paper, only singleef, estimation has
been formally evaluated (de Cheveigné and Kawahara, 200 others still await for-

mal evaluation, a task beyond the scope of this exploratapgp
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4.2 Relations with auditory processing

The basic CN model did not involve the variable integratiandew size postulated in
Sect. 3.1 and found useful in Sects. 3.5 and 3.8. Howevelirntésesting to note that
evidence has been found for variable window size integnatigitch perception (Plack
and White, 2000; Wiegrebe, 2001).

Cochlear filtering splits the waveform at each ear into aayaof narrow-band chan-
nels, each transduced to neural firing patterns. Most tiomeain models (such as can
be implemented by the CN model) make little direct use of sfiitéring. One can
imagine at least four functional advantages that the anydggstem might derive from
having a frequency-selective cochlea. (1) Immediate acimea limited-resolution spec-
tral representation. (2) Compensation for the informatass due to the non-linearity
of mechanical-to-nervous transduction. Intuitively,dtéasy to believe that @ phase
shift due to dispersion along the basilar membrane wouldpsmrsate for any loss due to
half-wave rectification (the half-wave missing in one chalrioeing present in another).
More generally, it is known that narrow-band signals candmonstructed after severe
non-linearities such as infinite clipping (e.g. Mallat, 1993) Compensation for the fact
that the AC function (Fourier transform of thmwer spectrum) is dominated by high-
amplitude parts of the spectrum. Adaptive compressioniwgach channel, as occurs in
the auditory system, leads to a more balanced representdtveeak and strong parts. (4)
Segregation on the basis of spectral content, by atterguatisuppressing certain chan-
nels that are dominated by interference. Points (1) andr@pglittle use in the context

of this paper, but points (3) and (4) might worth considering
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To summarize, this paper extrapolated ideas from a modelditay processing
(CN model) to the task of estimating the characteristicsedegl sources from their
mixture. Formal evaluation is incomplete, but encouragemplts are available fdf,-
estimation (de Cheveigné and Kawahara, 2002). It is hopaddévelopment of these
signal-processing schemes will in return provide insigib ithe processes of auditory

perception.
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Figure captions:

Fig. 1 Structure of the Running Correlation Network model. Fasetidomain processing
is limited to the first module (left of the dotted line). Suhsnt processing operates on

slowly-varying quantities.

Fig. 2 “Correlation machine”. Autocorrelation coefficients arenahe diagonal and
cross-correlation coefficients are in the upper and lowéarigular parts. Each coeffi-
cient is calculated for a range of lags), times () and window sizesi¥’). Here, 4 inputs
are illustrated, but most methods described in the papeurassa single input (i.e. only

ri1(7,t, W) is calculated).

Fig. 3 lllustration of the principle of  estimation of a single voice (a) or two voices
(b) using the algorithms of de Cheveigné and Kawahara (12002). (a): power of the
combinationz(t) — z(¢ — ) as a function of. The minimum indicates the peri@d (b):
power of the combination(t) — z(t — m) — z(t — 72) + z(t — 7 — ) as a function of
7, and , (gray scale, darker means closer to zero). The first minimuthe lower half

guadrant indicates the period§ and 7.

Fig. 4 Simplified model of the production of a periodic vowel sourithe amplitude
power transfer function of the vocal tract (a) modifies thepiitndes of the partials of
the source (b), supposed of constant amplitude, to prochecrte spectrum of the vowel
(c). Information encoded in the waveform is limited to thenpbe points: no other aspect

of the envelope can be retrieved.
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Fig. 5 (a) Flow-chart of single-voice spectral estimation. (b)w&Brm. The line below
the waveform indicates the portion used to calculate on@pesf the AC function (the
full portion represents the integration window, the dotfeattion the range of samples
used. (c) Autocorrelation function. (e) Series of partiawer estimates obtained by

taking the DFT of (c).

Fig. 6 Power transfer functions of comb filtef&(t) — 6(¢t — 7")/2 (a) and((¢) + (¢ —
T))/2 (b). The former has zeros at multiplesigfl’. The latter has maxima at those

values. The two sum to one.

Fig. 7 (a) Power spectra of sounds(period7;.) andy (period 7}, thick bars) with flat
spectral envelopes. The power spectrum ef = + y is the sum of these power spectra.
(b) The dotted line represents the power transfer functibthe filter§(¢) — §(t — T;,)
tuned to remove:. The bars represent the power spectrumyofcomb-filtered version
of y. (c) The dotted line represents the power transfer funatifiiter 6(¢) — §(t — 7,,),
tuned to removeg. The bars represent the power spectrum/gicomb-filtered version of
z. (d) Amplitude transfer function representing the spdalistortion undergone by both
' andy’. (e) Effect of this spectral distortion on the spectrum obavel. The full line
represents the power spectral envelope of vowel /a/. Suqgptise vowel is produced with
fundamental /7., the full symbols represent the amplitude of its partial@e@filtering
with a filter tuned to7’,, the amplitude of partials are represented by the open sisnbo

The dotted line represents the overall effect of spectstbdiion on the vowel’'s envelope.
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