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Abstract

This paper introduces a model that accounts quantitatioely phenomenon of perceptual segregation, the
simultaneous perception of more than one pitch in a singiples sound. The method is based on a
characterization of the time-varying spike probapijenerated by a model of cochlear responses to sounds. It
demonstrates how the autocorrelation theories of pitatepgon contain the necessary elements to define a
specific measure in the phase space of the simulatebigudérve probability of firing time series. This
measure was motivated in the first instance by theeledion dimension of the attractor; however, it hearb
modified in several ways in order to increase theat@alogical plausibility. This quantity characterizszsch

of the cochlear frequency channels and gives rise tormehelustering criterion. The model computes the
clusters and the pitch estimates simultaneously usigaime processing mechanisms of delay lines; therefore
it respects the biological constraints in a similay veatemporal theories of pitch. The model successfully

explains a wide range of perceptual experiments.

1 INTRODUCTION

A harmonic complex sound is commonly heard as a singteptial entity, with a pitch
corresponding to the fundamental frequency (calleduhdamentalglobal or residual
pitch). The autocorrelation theories of pitch perceptiocklider 1951&1959; Lyon 1984,
Meddis and Hewitt 1991a&b; Meddis & O’'Mard 1997; Yost et al. 188 nstein and
Oxenham 2005; Denham 2005) have proved successful in explainipgrtdesved pitch of
harmonic and inharmonic sounds. On the other hand, a mottime® complex tones with
different fundamental pitches is typically heard as enmtities. In particular, some
manipulations of a harmonic complex can result in thhegmual segregation of one of the
spectral components of the sound, which elicits a seppitat that is different from the

fundamental pitch. This phenomenon is known as percegggatgation (Roberts, 2005).



Several perceptual segregation studies (Hartman 1996; RabdrB&ailey 1996; Brunstrom
and Roberts 1998; Li and Hartman 1998; Brunstrom and Roberts 208€;t&and
Brunstrom 2001; Roberts and Brunstrom 2003) suggest that diffesmttanisms govern the
computation of pitch and the perceptual fusion of the dexriparmonics. These two
mechanisms are the cross-channel comparison betweedipgies, which governs
perceptual segregation; and the aggregation of periodicitiesh\yoverns the computation
of the fundamental pitch (Roberts 2005). Existing thaowigpitch perception have recently
addressed the qualitative aspects of this phenomenore(sew in de Cheveigné 2005;
Roberts and Brunstrom 2001). Earlier, Meddis and Hewitt (1f8@@d that peripheral
channel selection was a useful method for the qualitatestification of two concurrent
vowels using autocorrelation theories of pitch. Morently, Roberts and Holmes (2007)
provided a metric of the degree of fusion of the sound coamerinto a single fundamental.
The novelty introduced in this paper is a plausible metbodlustering cochlear frequency
channels. The method is sensitive to the nonlinear dyahimbhaviour of the responses in
the frequency channels and accounts quantitatively fqueteeptual segregation
phenomenon. Most importantly, the model respects the lbi@ogical constraints of the
autocorrelation theories of pitch. It shows how éhpisch theories contain the elements to
generate a measure of the simulated auditory né&mgfiring probability time series
inspired by the second generalized dimension of itscattrécorrelation dimensiom,). This
parameter characterizes each frequency channel.

An interesting aspect is that the model simultaneottsyacterizes the dynamics of the
cochlear frequency channels and estimates their autocimmslaRemarkably, it uses
neuronal delay lines (Licklider 1951&1959) and low-pass filjigss as the autocorrelation
pitch theories. Therefore, the plausibility of tivstfstage of the model is similar to that of
the autocorrelation models of pitch perception (Meddis@iMard 2006).

The resultant measurB, preserves some similarities with the correlatiomension.
However, it will be shown that the plausibility comstts imply thaD cannot be directly
compared with the correlation dimension; because itdhas defined over a small subset of
the AN firing probability phase space vectors.

In a second stage, tBemeasure induces a clustering of the channels. Thegpitchction
runs separately within each cluster, using cross-charpetted values of theinning
autocorrelations (i.e. an instantaneous estimatescdubocorrelations of the cochlear
frequency channels). This simple model explains the sad&nt pitches reported by

listeners in a wide range of perceptual segregation expetan



2 MODEL DESCRIPTION

The method provides temporal theories of pitch with agitde procedure for channel
selection synchronized with the pitch computation. Theehconsists of a characterization
of peripheral channel firing probability followed by crosgonel comparison. The next

sections describe these two stages.

2.1 Characterization of the dynamics of cochlear frequency

channels

Figure 1 shows the model diagram. In the first stagenainear cochlear model (Lopez-
Poveda and Meddis 2001) followed by an inner hair cell m&lehqer et. al. 2003) is used
to generate thAN firing probability in response to an acoustic stimulussaripheral
model produces a separate representation for each frgoeieannel, which is characterized
by a best frequencyBf) and a restricted frequency range of response. In gdsepir
implementation, 30 channels were used with centre fregeetagarithmically spaced

between 100 and 8000 Hz approximately.

Figure 1

The next stage consists of an integration ofANesignals. The aim of this stage is the
simultaneous computation of the running autocorrelations (Medd Hewitt 1991a) and a
parameter that characterizes the dynamics of eanimeh Autocorrelation models typically
use the spike probabilities for channel numbe(t, k) In Meddis and O’Mard (2006), these
spike probabilities drive the activity of a layer obglper cells in the cochlear nucleus, which
generate the inputs to coincidence-detector neurons infdr@r colliculus.

The presented model assumes, for simplicity, thaaticktory nerve firing probability
provides direct input to the bank of coincidence-detectos umtving a best frequency of,1/
as in Meddis and O’Mard (1997). Then a leaky integrationprdges the running

autocorrelatiorn(t, k) at each time step:
_Ay
h(t,1,k) = p(tk)Dp(t=1.k)+h(t=Atl k)& ; (1)

where4t is the sampling interval of the stimulus (correspongdo the sampling rate of
22050 Hz for the stimuli tested)is a time constant arlds the autocorrelation lag. Equation
1 is similar (apart from constant factors) to a meméraw-pass filter equation representing

a population of neurons receiving a synaptic ingutk) p(t-l, k) However, this equation



applies to firing probabilities and not to a membrane ptietiherefore, the time constant is
not necessarily equal to the membrane constant obiheidence-detector cells (Dayan and
Abbot 2001). We used a time constant s#00 msthroughout the study. This value is
motivated by perceptual studies (Halls and Peters, 1981; &ckhite 2000; Wiegrebe
2001; Grose et al. 2002) and EEG studies (Krumbholz et. al. 200&) provide evidence
for pitch integration times. However, the resultsspreged in Section 3 are robust under other
choices for the sampling rate and the time constdi@.nEural respond#t,k,l) at different
lagsl contains the instantaneous running autocorrelatiorttecduditory nerve simulated
firing probability in each cochlear frequency channel. Howeawethe context of pitch
perception theories, this quantity is typically dimengss. This will be the convention used
throughout the paper.

The characterization of the time series ofAfiring probability for channel numbér
requires embedding it into a suitable phase space (righihdfogure 2a). A two-dimensional

phase space consists of the set of vectors

- _ p(tk) |
x(t,k)—{p(t_ L(k)’k)}, )

thus, thex-axis in Figure 2a (right plot) representsladelayed version of the frequency
channel time series; whekeL (k) is the embedding delay for the frequency channel number
k. It corresponds approximately to the first zero ofah&correlation, because it is
convenient for an adequate embedding to minimize the coorelzetween axes (Kantz and
Schreiber 1999). Therefore, the value& @) depend on the frequency channel and on the
stimulus. In this model, the embedding delay is the lagesponding to the first positive
minimum of Equation 1 in each frequency channel. Thigevatabilizes after 80 ms in the
stimuli tested and remains approximately constant throughewtimulus duration. This
simplification might not be adequate for other stimuMihich the pitch varies, such as the
iterated ripple noises (Yost, 1996; Wiegrebe 2001; Denham 200&).(Khvalues found

vary from 25 ms in the lowest channels to 1 ms in thiedrighannels.

The portrait of a time series in this space is a reptasion of the time series attractor
(Takens 1981). For example, the representation stimulusfaran of a pure tone sinusoid is
trivially a circle in phase space (Figure 2a, left plblpwever, the nonlinearities and
stochasticity present in the peripheral model modiéwaveform time series; therefore, the
phase space plot of tiheN simulated time series in each channel will be dsifiér in general,

to the stimulus phase space portrait (see Figure 2b).



Figure 2

Summarizing, a possible strategy to characterize thardics of these time series consists of
analysing the distribution of vectors in the phase spagarameter set that summarizes this
distribution of vectors are the generalized dimensadribe attractor (Kantz and Schreiber
1999). The second of these dimensions is the correldinoension D), which is relatively
easy to estimate in a stationary section of the Series (Kantz and Schreiber 1999).
In order to calculat®,, it is necessary first to compute the ratio of poimthe phase space
that are closer thanto each other, this is called the correlation sum (Kantd Schreiber
1999):

i+1

C(g,tk) :émzN: 3" Ole —|%(i Bt k) - (i Bt - j Dtk)|) 3)

i:iminj:jmin

wheredt imin= L(K), N is the number of samplesis the radius of the spheres into which the
phase space is divide@,is the Heaviside functior®( (e —x)=1if ¢ >x and else is zero) arnd

is the total number of vector pairs. For example, Fi@aréright plot) shows that the distance
between the two vectors exceedtherefore this pair contributes zero to the summatio
Equation 3. The minimum number of samples separgtiagi(min) is chosen to avoid an
excessive autocorrelation among the different vecemd,it is necessary to obtain the correct
value of the correlations. An initial time pfi, 4t = 0.3 mds adequate according to the
space-time separation plots method (Provenzale et al. {&3Pg stimuli tested.

The correlation dimension definition is

Dz(t,k) :”mgﬁoaln(c(t’g’k%mg (4)

Therefore, the slope @(tg k) with respect to the radius of the spheres on a double
logarithmic axe provides an empirical estimate of theedation dimension (Kantz and
Schreiber 1999). For example, the valu®egbf a pure tone waveform (Figure 2a, left plot)
is unity; and thd, of the simulatedhN firing probability in one of the frequency channels
(Figure 2b) is approximately 0.8. In general, it has beand useful to characterize an
approximately stationary time series by using standard digwsifor correlation dimension
estimates (Kantz and Schreiber, 1999; Balaguer et. al., Z2006preliminary studies
indicated that this method could be useful to analyzeitm@latedAN firing probability time

series (Balaguer and Denham, 2006).



However, the correlation dimension (Equation 4) caimeotonsidered a biologically
plausible calculation. In addition, it can only be de#l if the time series is approximately
‘wide-sense stationary’ (Kantz and Schreiber, 1999)thieesection plotted in Figure 2b.
Therefore, it was necessary to modify the corm@fatiimension algorithm in order to provide
a biologically plausible model for the characterizatid the peripheral channels. The main
restriction that we impose on this model is that ittiease synchronized with the
autocorrelation model of pitch extraction (Meddis anti&d, 1997).

The model starts by computing the distance between tvwbspai phase (Figure 2a, left

plot),

M (t,1k)=[%(tk)-%(t =1 K)[; (5)

it is easy to see (by using Equation 2) tét | k) consists of sums and differences of cross
products of théN firing probability (some of them used in Equation 1). Equaé counts
the number of distances smaller than some threghdtits remarkable that this calculation

can be done in parallel to the autocorrelation in Eqodtio
C(te,lk)=0(e-M(tk,I))+C(t-Atgl k); (6)

Then, a sum across lags is

max() __

C(tek)= Y C(telk); 7)

=N, At

min

This quantity is computed in parallel for a range @élues (fixed throughout the stimulus),
representing the precision with which the phase szatded.

A direct comparison with Equation 3 shows t84t¢,k) also counts the number of
neighbours of some of the phase space vectors thatt@al sphere of radius Equation 6 is
equivalent to thé-sum in Equation 3. Simultaneously, for a fixe@quation 7 computes the
j-sum in Equation 3; because fhmdex corresponds to the different lags within a single
frequency channdd

At this stage of the algorithm the question of the nurakdifference between the correlation
sum (Equation 3) and the approximatift,,k) is raised.

If the lag spacing were uniform and equal to the sampling ghethie entirg-sum showed in
Equation 3 would be computed, and the approximate correlauimﬁiétw,k) and the

theoretical valu€(t,¢,k) would correspond (except for a global factéx)1



However, there are three differences between thasguantities. Firstly, the pitch
perception theories do not use such a lag resolution; grage/lag resolution (0.5 ms) is an
order of magnitude smaller than the sampling per®d0b ms). Secondly, the lag spacing is
non-uniformly distributed (see Appendix). Thirdly, the nmxim lag employed in the pitch
models,max(l) is limited typically by the lowest frequency perceived (ard 40 Hz).
Therefore, the restricted set of phase space vectedsiushe computation @(t,¢,k) are a
consequence of a nonlinear sampling of the original plpesEsand contain typically 10% of
the total number of phase space vectors. Consequerglgxpected that the values of the
approximatiorC(t,¢,k), will be different to the correlation sum values. Neheless, they are
useful for detecting the changes in the dynamics beta#fenent frequency channels.

The slope ofn(C(t,¢,k)) versudn(e) in a strongly linear region defines a quanibt,k),
In(C(t,e.k)) =D(tk)lne +B; (8)

which is no longer a dimension of the attractor. Appendix provides further details of the
criterion for estimatindd, specifically designed for this application.

These mathematical differences with the correladiomension do not challenge the validity
of this model. Moreover, the results shown in SecB@emonstrate that the more
neurobiologically plausible computatioB(t,k) will be adequate to explain the perceptual

segregation phenomena.

2.2 Cochlear frequency channels selection

Large changes ib values across the channels give rise to an empdnittation for
establishing boundaries and the grouping of adjacent chantetdusters. Channels are
grouped together into a cluster if the relative discrepamtheirD(t,k) values is less than
some threshold. A new cluster begins wherever a ch&asBi(t,k) values that differ by
more than this threshold from tB¥t,k) values of any of the channels in the previous cluster
(see Figure 3b). A maximum within-cluster discrepancy of 50#és satisfactory results
(Section 3). A further restriction is that clustenssld consist of more than three peripheral
channels. This restriction is reasonable; because ssiolalacluster of channels gives a
running autocorrelation response (Equation 1) typically bieme&drds the centre frequency
of their filters (and therefore less related to t@wglus periodicities). The drawback of this
restriction is that having only 30 peripheral channels ghtinbe impossible, in principle, to

separate some pitches having closely related harmomcisichease in the number of



channels of the peripheral model when needed would presuanaditythis problem.
However, this increase in channel resolution is no¢s&ary for the stimuli tested in this
paper.

The next stage consists of computing an expected valaguation 1 across frequency

channels and normalizing,

> P(k|cluster,t) th(t,l k)

ScIuster(til ) = =L N ; (9)
max (> P(k|cluster;t)h(t,| k))

whereP (k|cluster;t)is the conditional probability at timehat the peripheral channel k
belongs to a given cluster. Using the criterion desdrédi®ve, a channel can only belong to a
single cluster, therefore for a cluster contaimhglusterchannelsXy P(k|cluster;t)=1;
whereP(K|cluster;t)=1/N_clusterfor the channels grouped together into a single clustér a
zero elsewhere. Equation 9 is a normalized summarizedawmtogram $ACFin Meddis
and O’'Mard 1997), where the normalization occurs withirhedwaster individually.
However, as a novelty, it includes the channel selegrobabilities before the sum.
Although the binary probabilities provide successful resBliigcluster;t)could, in principle,
take small non-zero values for all of the channelss Tdrimulation accounts for the
observation that even distant channels may have sora# contribution to perceptual
segregation (Roberts and Holmes 2007).

The final step of the model is a nonlinear transfornmadibEquation 9, perceptually
associated with the strength of the pitch (Yost 199&eiRs and Holmes 2007),

102E$cluster(tv| )
PSCluster) = ———; 10
S )= =1oc (10)

The fundamental pitch is typically the dominant percapdl its saliency corresponds to the
maximum of the pitch strength in all of the clustdiise existing models (Meddis and Hewitt
1991aé&b; Meddis and O’Mard 1997) already account for this pitch.

The novelty of the method presented here is the prediof more than a single perceptual
entity. In this paper, the maximum difference in pgtiength profiles between clusters
defines the perceptual saliency of other pitches aparttine fundamental.

In the Appendix we show that this approach is consistéhtthe results of previous models

using a pure tone stimulus.



3 EVALUATION OF THE MODEL

The first evaluation uses the harmonic complex stimtdoduced by Brunstrom and Roberts
(1998) and Roberts and Brunstrom (2001); these stimuli dieisénsation of a fundamental
pitch as well as a salient segregated component. Ssmutonsists of partials 1-12 of 200
Hz in which the 8 harmonic (1200 Hz) is mistuned downwards by 4%. Stimulus 2
comprises 14 harmonics of a 200 Hz fundamental; then hacs6ni’, 8 are removed and a
1300 Hz probe tone is inserted. The model has also beehrbah®d using other stimuli
that elicit typically weaker perceptual segregation, theeones used by Roberts and Bailey
(1996), and other stimuli not shown in this paper. In stisi@lua 400 Hz even harmonic is
inserted in an odd complex (harmonics 1, 3, 35).of a 100 Hz fundamental. The duration
of these stimuli is 400 ms (20 ms sine on/off ramp, sagphte 22 kHz). The final test uses
a more realistic sound: Stimulus 4 consists of twolmsized vowels played simultaneously
(Culling and Darwin 1993). The vowels are ‘a’ (100 Hz fundamagand ‘e’ (4 semitones
higher fundamental). The duration is 200 ms and the samaliags 22 kHz. In all of the
figures that follow, we compare the predictions ofriiwlel at the cessation time of the
stimuli with the perceptual data, because the listeners vequired to provide pitch
matching only after hearing the whole stimulus.

Figure 3a illustrates the simulat@d\ probability of firing, p(t,k), in each frequency channel
in response to stimulus 1 (Brunstrom and Roberts 2001)pldk&eshow an approximately
stationary part of the time series of 50 ms durationhénFigure, the clusters of channels
identified by the algorithm can be visually appreciated. preiminary observation
motivated the development of the algorithm describeceati&n 2.

Table 1 in the Appendix shows the values of the comelalimensionD,, corresponding to
the short time series shown in Figure 3a (and to gteoféhe stimuli used in this report, see
Appendix for further details). Figure 3b shows the corredimgrD(t,k) values during the

first 200 ms of stimulus D(t,k) andDx(t,k) are not directly comparable, because the
computation oD(t,k) uses time series values starting=&t, butD, uses only a stationary
section of the time series (Figure 3a). In additionftek) values are typically smaller,
because they are computed in a transformed phase spateiswamptier than the original
one, as it was explained in Section 2.1.

Figure 3b illustrates how tHe values fluctuate up to approximately 80-100 ms and then
stabilize progressively throughout the stimulus durafidn plot shows three clear

boundaries between adjacent channels (see dashed Iifigsiia 3). As indicated in Section



2.2, the higiD values at 200 ms in channels having centre frequencie$296 Hz do not
form a cluster, because it would contain only threencbbs. Therefore, four clusters of
channels emerge after approximately 80-100 ms. The convenédrirsughout the study is
to label cluster 1 as the one that contains mainlgéigeegated component (as further
explained below), and the rest of the clusters amdl&bstarting from the lower frequency

channel (Figure 3b).

Figure 3

The listeners report two salient pitches in stimdlughe 200 Hz fundamental and another
pitch at 1152 Hz (average over all listeners). For tteesponding in-tune complex (partials
1-12 of 200 Hz) the listeners report only the 200 Hz pitch.

When all of the channels sum together, the maximum s@&tu200 Hz in both the in-tune
and the mistuned complex (Meddis and Hewitt, 1991). Figurda\assthe finalS-function
responses (at 400 ms) of both stimuli within each ofdbe clusters (Equation 9). The four
responses of the in-tune and the four responses ofistiened complex are similar, and
show a maximum at 200 Hz as expected. HoweveiSthsponse in cluster number 1
presents a more prominent peak around 1152 Hz in the mistumgdesa(indicated by a
vertical line in Figure 4a). This response suggests thstec number 1 is the one that
contains the information about the segregated pitch.

The next step is the transformation of this infornraii@o a saliency rating. Figures 4b and
4c¢ show the pitch strength subtraction functions efftlur Sresponses (Equation 9)
corresponding to stimulus 1. The dashed line also shawgitith strength computations for
the corresponding in-tune harmonic complex (1 to 12 harrmaii200Hz). The six
subtractions between clusters 2, 3 and 4 approximately|czaaie other except at 200 Hz
and 100 Hz (Figure 4c). Subtraction of the pitch strengtbtions with respect to cluster 1
gives a more interesting result for stimulus 1 (Figtie the maximum pitch strength
difference corresponds to the segregated component(pité Hz), indicated by the dotted
vertical line. Figure 4b also shows how the in-tune leasimcomplex presents significantly
lower pitch strength in the frequency of the segregedespbonent, as reported in Brunstrom
and Roberts (2001).

In summary, considering the twelve possible pitch gtesubtractions, the 1152 Hz
component is the most salient pitch (rated 0.47), dgart the 200 Hz fundamental. The
next pitch in importance is 100 Hz, but its saliency issaerably smaller (0.27, see right

plot in Figure 4c). The saliency of the 1152 Hz pitchtifigrin-tune complex is much lower
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(0.24). As indicated above, this is consistent withptiieeptual experiments (Brunstrom and
Roberts, 2001).

Figure 4

Other manipulations of the spectrum can produce perceptuabse¢ign of a stimulus
frequency. Brunstrom and Roberts (1998) removed the ceatrtabf the spectrum of a base
harmonic complex, and afterwards they studied the salieih@ component when inserted in
different positions within the base complex. Whenitiserted component is out of tune
(stimulus 2), it is more salient. When the insertedmmment is one of the harmonics of the
fundamentalif-tune, it is least salient. Figure 5a illustrates the cqoesingD values of

the cochlear frequency channels computed at 140, 160 and 18Ghmwy#t how the values
stabilize after 140 ms. The values at the stimulus desgane are similar to the values
shown in Figure 3b. The maximu@ifunction response in the four clusters correspondiseo
200 Hz fundamental, as is predicted by the standard pitchlsnga shown). The pitch
strength subtractions with respect to cluster 1 show agsirarp peak in the perceptually
segregated component (1300 Hz, dotted vertical line in FigyreOsher pitch strength
subtractions have a significant maximum at the fundarhpth of 200 Hz and a smaller
value at 100 Hz (Figures 5b and 5c). Moreover, the piteimgth subtraction values when an
in-tune component is inserted (1200 Hz) are much lower (ddstess in Figure 5b).
Therefore, the model response predicts that 1300 Hz settuend most salient pitch (rated
0.4) after the 200 Hz fundamental, and the saliency afne-tomponents inserted is much
lower (0.15). This result again matches the perceptual iexpets (Brunstrom and Roberts
1998).

Figure 5

Stimulus 3 presents a perceptual segregation phenomenahaliahged previous pitch
models (Roberts and Bailey, 1996). The standard autocarefabdel (Meddis and
O’Mard, 1997) predicts a maximum pitch strength responseéot00 Hz fundamental, as
expected. As in the stimuli presented before, the ingseof an even component distorts the
regularity of an otherwise odd harmonic complex. Howewethis stimulus, all components
are still harmonics of the same fundamental frequanclytherefore it is likely to be more
difficult to explain the reported segregation of thereeomponent. In this stimulus, the
nonlinear downsampling of the original phase space ¢(se2til) produces values bft,k)

much lower than one (Figure 6a).
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TheD(t,k) values shows that only three clusters emerge after 280hasoundary that
separates clusters 1 and 3 is not easily visible. Ibisharemembering from Section 2.2 that
the cluster 3 begins whenever a channelD{&&) values that differ by more than 50% from
any of the channels of the previous cluster (in thse caeluster number 1).

The pitch strength subtractions between the clustégar@-6) predict that the perceptually
segregated component (400 Hz) is the most salient pitehth& 100 Hz fundamental. This
segregated pitch shows low pitch strength differencearfadd harmonic complex (dashed
lines in Figure 6). The overall values in Figure 6 are muadler than for stimuli 1 and 2,

consistent with the reportedly lower perceptual salierfdhe segregated 400 Hz component.

Figure 6

To conclude, Figure 7 shows the model behaviour for a ssimeespeech sound (stimulus
4). This stimulus reported high identification rates ef pnesence of two vowels (Culling and
Darwin, 1993). The clustering shown in the left plot carubhderstood in similar terms to the
clustering shown in Figure 6a. In addition, the thregaindthannels do not form a cluster,
because clusters are restricted to having four or more deg®eetion 2.2).

The relative pitch strengths between the two clugiegdict the saliency of the ‘a’ vowel
pitch (100 Hz); indicated by dotted vertical lines. The mmaxn saliency associated with the
‘e’ vowel is located at 135.1 Hz (approximately one sereitioigher than its 126 Hz
fundamental). Therefore, the model predicts approximé#telgaliency of the two vowel

pitches.

Figure 7

4 DISCUSSION

This study shows how the delay lines used in temporal imodeitch perception can be
employed to generate clusters of the auditory periphbeadrels. Existing autocorrelation
models at the level of th&N have difficulties in explaining perceptual segregatiou, iin

was necessary to incorporate these further computatgmevide a remedy. However, there
exist very successful functional approaches. Kalpu2X8) signal processing algorithm
outperforms the ability of trained musicians to separatewrrent sounds; this method
produces an iterative estimation of the fundamentaladsng principles of harmonicity and
spectral filtering at the level of the stimulus waveforThe present model, however, has a

different aim. It focuses on preserving some biologioaktraints while explaining the
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listener’s perceptions. Firstly, it uses a physiologpEipheral model. Then, it computes
simultaneously a characteristic magnitude of the sitedi&N spike probabilities time series,
D, and the pitch. The computations require the availakifitye delayed\N signals and a
bank of coincidence-detector units as in autocorrelatiodets of pitch perception (Meddis
and O’'Mard 1997). Tonotopy and the existence of delay linetharkey factors in the
aggregation of a subset of distances in phase space ilfguaiand 7) simultaneously with
the running autocorrelations (Equation 1). Both integratiomgarallelized for the lags and
for each cochlear frequency channel. The sum in Equationsiders only the subset of
phase space vectors corresponding to the typical laghggaat are used in temporal pitch
models. Therefore, the algorithm employs the samefigggiency sensitivity range as the
pitch models.

Summarizing, the model architecture (Figure 1) computes sinedusly a restricted
correlation sum of the available region of the phases (Equations 6 and 7) and the
autocorrelations (Equation 1) of the frequency channelsb&th operations, it employs
biologically plausible leaky integrators. The plausipibf autocorrelation models of pitch
has been controversial (de Cheveigné and Pressnitzer Pad@3ver, recently Meddis and
O’Mard (2006) implemented a standard autocorrelation modgigions 1 and 9) using a
leaky integrate-and-fire network in the cochlear nugland inferior colliculus.

An advantage of Equations 6 and 7 is the mathematicapistation: the earlier stages of the
auditory system are sufficiently equipped to compute asureaof the cochlear frequency
channels inspired, but not constrained, by the correldimansion algorithm. Moreover, the
D definition does not require, in principal, the statiogeoitthe time series. Clearly, Section
3 results indicate thd is a plausible alternative to the correlation dinemso characterize
the temporal responses in different frequency chanmels when they cannot be considered
‘wide-sense stationary’. The Appendix shows an intégpian of the algorithm in terms of
more biologically meaningful quantities.

In the next stage, tHe values forms clusters of frequency channels; suggestinglaastic
model of lateral interactions between units arrangexduisters. An across-channel interaction
has been observed experimentally (Hancock et al. 1991ek\d005). Therefore, the
peripheral clustering method is local in frequency, bist mot restricted to adjacent channels.
This is consistent with Roberts and Holmes (2007) percepasialts. They reported that the
adjacent frequency channels are the most influenttheiperceptual segregation of a
component from the complex. The contribution of distzhannels reduces with the centre

frequency difference, but cannot be completely neglecte
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The pitch strength subtractions between clusters pravideasure of relative degree of
saliency of the components of the sound. This differpnaduces a reduction or cancellation
of the pitch strength of the fundamental, and imittheseffect of the harmonic sieve-like
models of pitch perception (Goldstein 1973; de Cheveigné 199Cheeeigné and

Kawahara 2002; de Cheveigné 2005). This relative pitch strengtlicts correctly the
second most important perceptual entity reported by stenkrs. Roberts and Holmes
(2007) successfully modelled the degree of saliency ottidaimental pitch itself (partial
pitch-shift) when the other components in the comftles frame) are randomly mistuned.
As in this paper, they used an across-channel weightitige (flummarized autocorrelogram
(Equation 9). The presented model provides a rational&dontroduction of these weights:

they relate to the conditional probabilities of a cl@elonging to a clustel(k|cluster;t)

5 CONCLUDING REMARKS

An interesting aspect of this study is the use of theanal delay lines to compute
simultaneously the pitch and a characteristic measdutee simulated auditory nerve firing
probability time series. The predictions of the modellude the perceptually segregated
components in manipulated complex stimuli and speeelfisdtsuggests a mathematical

interpretation of the kind of computations that take glaiter peripheral processing of sound.

6 APPENDIX

Other parameters used in the algorithm take the valugsiad below. An updated Matfab
implementation of this method is freely available.

Number of lagsl}: 200, from 0.3 to 25 ms, distributed in an equivalenaregstlar

bandwidth scale (Moore and Glasberg, 1983; Denham, 2005).

Number ofe: 100 (fromstdev(p(t,k))/200to stdev(p(t,k))/2n stdev(p(t,k))/Zteps, as
indicated in Kantz and Schreiber (1999).

Minimum number of neighbourhood vectors contained inhespof radius: 10 000
(otherwise the Equation 4 computations are not furthesidered). There were no rejections
in the stimuli tested in this paper.

The quantityC(t,,k) can be easily interpreted in terms of more biologjoakaningful

magnitudes. For convenience, we wrote the distancesaase@pace as

M (t,1k)=[%(t)-%(t-I )H2 =—F(t,1)+E(t)+E(t-1)-F(t-L,)+ (A1)
E(t-L)+E(t-1-L);
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whereF(t,)=2p(t)p(t-1); E(t)=p(t)%* and the channel numblis omitted in the following
equations. Next, we used half-wave rectification nonlingdrtM(t,k,)]. instead of a
threshold function (i.e.[e-M(t,k,1)]+ =M(t,k,]) if e>M(t,k,l) and zero elsewhere). Thus, the

sum across the lags in Equation 7 is

S le-M(tk,1)), = numbefi(e,t )} {E(t)+ E(t- L))+ > E(t-1)+E(t-L-I)
I(et) I(et) (A2)

=S (e +F(t-L,1));

I(et)
wherel(e,t) is the set of lags corresponding to distarddéd,k) smaller tharz at timet. Then,
the Equation 6 sum is approximately

Cltek)=> SROMEC-N+E(t-L-1))- > S (F(tl)+F(t-L,1)) (A3)

t I(ef)Ho} I(et)+{o} t

whereg(t)=number ofi(¢,t) lags ifl=0; p(t)=1 forl € I(e,t) and otherwise zero. The positive
summandl: 2 p(t) (E(t-)+E(t-L-1) , is a double temporal integration (using a weighting
factorp) of energy terms. The teri (F(t,)+F(t-L,l) are autocorrelations of t#eN

simulated signal at timefor the peripheral channel number

The existence dD, (Equation 4fequires a strongly linear plateau in théC(te,k)) vsin ¢

plot (Kantz and Schreiber 1999). In our closely relatecudations, we are looking for a
similar linear plateau in the relationship betwhre(ﬁf(t,g,k)) andln e. We defineD using an
algorithm, which uniquely characterizes this sldpeis the slope of the linear part of
In((f(t,g,k)) vs Ine that shows the maximun with the following restrictions: the required
minimum length of the region is 30 consecutive epsildnes and the minimum required

is 0.98,p=0.001. This algorithm provides automatically unambigudwslues in all of the
stimuli tested, because both restrictions are satisfhiquely in all of the cases. Therefore,
using this restrictive definition, the statistical esrin D within this set of points are
negligible and are omitted in the figures.

Table 1 shows the approximdde values using the Takens estimator (Theiler, 1988) of the
AN output in different frequency channels. We selectedrabéteady-state section of the
stimuli used in this paper. These values are not usée ipresent study and cannot be
directly compared witlD, as explained in Section 3.1.

The estimation uses the longest linear region of iElPC(s) vs Ine. The D, defined as the
slope of this plot differs, in some cases from the halestimator, (Kantz and Schreiber,

1999), these values are indicated in parenthesis. The dnamgaitude of the errors is 10

15



therefore, the values are rounded to the first decimat.pbhe time separation plots method
(Provenzale, 1992) indicates thiat, should vary approximately from 20 to 250 samples
(Equation 3), depending on the time series. dtanges and the minimum number of
neighbourhood vectors contained in a sphere of radalses the same values as the ones

used in the model.

Table 1

To conclude, the consistency of the method presentédsipaper is demonstrated using a
pure tone stimulus. The left and middle plots in Figurdlldstrate theD values for the
cochlear model responses to a 440 Hz sinusoid computed at 1401680ams. Thé® (t,k)
values fluctuate up to 140 ms and, after that, stabilizeeadame value for the majority of the
channels (left plot).

As indicated in Section 2, the fluctuations of Enealues in the first three channels are
negligible and a single cluster groups together the thigguency channels. Therefore, the

pitch strength computation is strongly peaked only at 44Qigfat (plot), as expected.

Figure Al
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Figure 1. Diagram of the model. The first stage cémsikbiologically plausible filters, which simulate the
auditory nerve firing probability in each peripheralrohel (see text). The filtered signals are used
simultaneously to generate clusters of channels andripute the pitch model responses within them. Fipally
an across-clusters comparison of the pitch model resppresgtists the saliency of the different pitches tlaaat ¢
be heard out.

Figure 2. a) The left plot shows a two-dimensional etiding of a 440 Hz pure tone waveform (in units of
normalized amplitude, sampled at 22 kHz, embedding del@y6 ms). The correlation dimension is one. The
right plot shows an example of a two dimensional emiogddi the firing probability time serigxt,k)

(frequency channel numbky Lis the embedding delay).

b) The left plot shows the auditory nerve simulateddi probability in a single cochlear frequency channel
(centre frequency 1183 Hz), using a nonlinear peripheral Imesigonse to the same 440 Hz pure tone (Lopez-
Poveda and Meddis, 2001, Sumner, 2003), selected fromanatgtpart of the time series.

The centre plot shows the corresponding 3D phase spaloedding (delayls=4.7 ms;L'=13.7 ms). The right

plot shows an approximate linear relationship; the shbplee linear section iD,~0.6+0.1; the Takens

estimator oDx~0.8 (Theiler, 1988).

Figure 3. a) Probability of firing in different frequendyannels during a short stationary section taken form the
peripheral model response to stimulus IDalues of the auditory nerve simulated firing probaoiif

stimulus 1 (using the biologically plausible algorithm digmzt in the text). The dotted horizontal lines show the
cluster boundaries generated. The convention used in tidisl isdhat the clusters should contain more than
three channels, therefore the higher channels in theefimnot form a separate cluster. Bldgkl; White:

D=0.

Figure 4. afs,usterOf the cochlear model responses to stimulus 1 indlwedhannel clusters indicated in Figure
3b. b) ) Difference between pitch strength of stimulus duster 1 and the pitch strength in clusters 2, 3and
¢) Pitch strength differences between clusters 2, 3taiitle dashed line shows g responses and the

pitch strength subtractions for the base (in-tunelbaic complex (1-12 components of a 200 Hz
fundamental). The vertical dotted line corresponds teéneeptually segregated component (Roberts and
Brunstrom 2001); which corresponds also to the maximumegpitich strength subtractions for stimulus 1

(solid line in plot b). Therefore, the model corregihgdicts the saliency of this segregated pitch (see text).
Figure 5. aD values of the auditory nerve simulated firing probghdf stimulus 2. The three curves represent
the D values computed at 140, 160 and 180 ms. b) Difference betitelerstpength of stimulus 2 in cluster 1
and pitch strength in clusters 2, 3 and 4. c) Pitch strenffignetices between clusters 2, 3 and 4. The dashed
line in plots b and ¢ shows the same subtractionthébase (in-tune) harmonic complex (harmonics laadb

8 to 14 of a 200 Hz fundamental). The vertical dotted limeesponds to the perceptually segregated component
(Brunstrom and Roberts 1998); which corresponds also tmdéxanum of the pitch strength subtractions for
stimulus 2 in plot b (solid line in plot b). Therefotlke model predicts the saliency of this segregatel (s&e
text).

Figure 6. apD values of the auditory nerve simulated firing probghdf stimulus 3. The three curves represent
the D values computed at 260, 280 and 300 ms. b) Pitch strength siobsaif stimulus 3 in clusters 1, 2 and

3. The dashed line shows the same subtractions fdrageeharmonic complex (1-15 odd components of 100 Hz

fundamental). The vertical line corresponds to the panadiptsegregated component (Roberts and Bailey
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1996) and to the maximum of the pitch strength subtresfmmstimulus 3 (solid line). Therefore, the model
predicts the saliency of this segregated componentégte

Figure 7.D values of the auditory nerve simulated firing probigbof stimulus 4 (left plot). The three curves
represent th® values computed at 120, 150 and 180 ms. The right plot shewstch strength subtractions of
stimulus 4 between the two clusters of channels emerfied.vertical lines correspond to the fundamental of
the vowels ‘a’ (100 Hz) and ‘e’ (126 Hz). The maximum salieassociated to the ‘e’ vowel is located at 135.1
Hz (approximately one semitone higher than its 126 Hddorental). The predictions of the model are
reasonably accurate (see text).

Figure A1.D values of the auditory nerve simulated firing proligbbf a 440 Hz pure tone (left plot). The
three curves represent thevalues computed at 140, 160 and 180 ms. The right plot shevpit¢h strength

considering all of the frequency channels (the vertioalihdicates the pitch percept).
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Table 1. Approximat®; values using the Takens estimator (Theiler, 1988) afteosary section of the time

series studied in this report (values in pharentesiscenputed using the slope of a linear region).

Channel centre
frequency (Hz)
100
131
167
207
252
303
361
426
499
581
674
779
897
1032
1183
1353
1545
1761
2006
2281
2592
2943
3339
3785
4289
4857
5498
6222
7038
7958

Stimulus
1 2 3 4
0.9 0.9 0.5(0.2) 0.5
1.0 1.0 0.5(0.2) 0.5
0.4 0.4 0.7 (0.3) 0.4
0.4 0.4 0.4 (0.1) 0.5(0.2)
0.4 0.4 0.7 (0.4) 0.7 (0.2)
0.7 0.5 0.6 (0.2) 0.7 (0.2)
0.6 0.6 0.6 (0.3) 0.7 (0.3)
0.6 0.6 0.5 (0.4) 0.8 (0.4)
0.8 0.9 0.7 (0.5) 0.9 (0.5)
0.8 0.8 0.8 0.8 (0.5)
0.8 1.0 1.0 0.7 (0.5)
1.2 1.1 1.3 1.0 (0.5)
15 1.6 1.3 0.8 (0.5)
1.7 1.4 1.7 1.0
1.7 1.7 1.9 0.9
1.8 1.6 1.7 1.2
1.9 1.8 1.8 1.3
2.0 1.9 1.8 15
2.1 2.0 1.8 1.6
2.2 2.1 1.7 1.4
2.1 2.1 1.4 15
1.7 2.0 0.8 15
1.1 1.4 0.8 1.2 (0.9)
1.1 1.0 1.5(0.8) 1.4(1.1)
1.1 1.2 1.5(0.8) 1.3(1.0)
14 1.4 1.7 (0.9) 1.6 (1.0)
1.3 0.8 1.7 (1.0) 1.5(1.0)
1.3 0.9 1.5(0.9) 1.3(0.9)
1.2 1.4 1.5(0.9) 1.3(0.9)
1.1 1.3 1.5(0.9) 1.5(0.9)
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