Neural representation of pitch through temporal autocorrelation
Peter Cariani1,2, Mark Tramo1,3, and Bertrand Delgutte1,2
1

Eaton Peabody Laboratory, Massachusetts Eye & Ear Infirmary
Department of Otology and Laryngology, Harvard Medical School
3
Department of Neurobiology, Harvard Medical School
243 Charles St., Boston MA 02114 USA
tel (617) 573-4243, FAX (617) 720-4408
email peter@epl.meei.harvard.edu

2

Abstract
An enormous wealth of acoustic information is present in the temporal firing patterns of
auditory neurons. Distributions of interspike intervals across neural populations in the auditory
nerve and brainstem form autocorrelation-like stimulus representations that closely predict the low
pitches of complex tones. Many diverse aspects of auditory perception are readily explained in
terms of central analyses of these interval-based representations. To the extent that neural
discharges are stimulus-locked in a given sensory system, distributions of all-order interspike
intervals provide a neural representation of the stimulus autocorrelation function. These timedomain representations provide an alternative means for the nervous system to perform Fourier
analysis.
The neural coding problem
The neural coding problem – how populations of neurons represent and convey information
through trains of spikes – is fundamental to our understanding how sensory systems function
[1,2,29]. Although a great deal is known about neural response properties at many levels of the
auditory system, we presently have only a very rudimentary understanding of how auditory forms
are actually represented by the central auditory system.
There are fundamentally two basic ideas about how sensory information can be encoded in
patterns of neural discharge: coding by spatial patterns of neural excitation vs. coding by temporal
patterns in spike trains. These alternative coding strategies could be called, respectively, “codingby-channel” and “coding-by-time structure.” Place-based or “labeled line” codes depend upon
which particular neurons respond (i.e. which channels are activated). Strategies for patternrecognition based on spatially-organized sensory maps and on specifically-tuned “feature
detectors” both stem from this basic idea of coding by channel. Temporal codes, on the other hand,
depend upon how neurons respond: the form of their response, rather than through which neural
channels the message arrives, carries the message. Temporal codes depend upon either temporal
patterns between spikes in a spike train or on the time-of-arrival of spikes relative to some
reference event. Historically, coding-by-channel ideas developed from Mueller’s “specific nerve
energies” and Helmholtz’s later resonance-place theory of auditory representation. Temporal
coding ideas, on the other hand, were articulated through Rutherford’s “telephone” theory of
hearing, Troland’s temporal-modulation representations for pitch and color, Wever’s volley
principle, and Licklider’s duplex theory of hearing [1,22,23,40]. While the channel-coding idea has
given rise to the highly developed connectionist networks of today, a theory of adaptive timing
networks based on temporally-coded signals remains to be elaborated.
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Figure 1. Neural responses to four stimuli evoking a pitch at 160 Hz but differing in pitch salience.
Left to right: Stimulus waveform, power spectrum, short term autocorrelation function, and
population-interval distribution for each stimulus. Population-interval distributions are constructed
by summing together the all-order interspike interval distributions of many auditory nerve fibers
having a wide range of characteristic frequencies (A-F: 85, 54, 49, 56, 53, 50 fibers). Histograms
have been normalized to the mean number of counts/bin. Arrows indicate the position of the
fundamental period (6.25 ms). A. Pure tone, 160 Hz. B. AM tone with a low frequency carrier
(Fc=640 Hz, Fm=160 Hz). C. Harmonic complex (harmonics 6-12, of 160 Hz). D. Unipolar click
train (F0=160 Hz.) E. AM tone with a high frequency carrier (Fc=6400 Hz, Fm=160 Hz). F. AM
broadband noise with Fm=160 Hz. All stimuli presented at 60 dB total SPL.

Temporal coding of periodicity pitch
Pitch has played a pivotal role in many of the general debates about neural coding [1,12]. The
mechanisms underlying the low pitches of complex tones (“periodicity pitches”) have been
discussed and debated for over 150 years. Throughout this history auditory physiologists and
theoreticians alike have simultaneously appreciated the great abundance of information about
stimulus periodicities that temporal discharge patterns of auditory neurons carry, as well as the
orderly, spatial organization of the cochlea by frequency. While this general, channel-based, “place
principle” has dominated thinking about neural coding in most other sensory modalities, in audition
there has always been a strong case for temporal coding of pitch. The pendulum of scientific
opinion has swung back and forth between spectral pattern and temporal theories [12]. Temporal
autocorrelation models for pitch held sway in the 1950’s [22,23], but with the discovery of the
“dominance frequency region for pitch” in the early 1960’s, spectral pattern models regained
support. Over the last decade the temporal autocorrelation models have been revived and extended
[24,25,26,35,39].
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F igure 2. Autocorrelation-like representations of the vowel [æ]. S timulus: Five-formant
synthetic vowel [æ], as in "had". Formants are at 750, 1450, 2450, 3350, 3850 Hz, and the
fundamental frequency F 0 (heard as the voice pitch) sinusoidally varies between 100-126
Hz. A. Neural response. Running population-interval distribution (autocorrelogram) of 71
auditory nerve fibers of widely distributed characteristic frequencies. The stimulus was
presented to each fiber 100 times at 60 dB SPL and running all-order interval distributions
were weighted according to CF and summed. The result is an estimate of the distribution of
all-order intervals across the entire auditory nerve. Each dot represents the occurence of 10
or more intervals of a given length (y ms, range 0-15 ms) ending at a given peristimulus
time (x ms, range 0-500 ms). Thin line indicates the fundamental period, 1/F0, the voice
pitch that would be heard, as a function of peristimulus time. B. Stimulus autocorrelogram,
S AC(τ, t) = S(t)S(t-τ), computed at 10 kHz sampling rate and thresholded. C, D. Short-time
autocorrelation functions for two stimulus segments indicated in A (bars). The highest peak
at the fundamental period 1/F0 corresponds to the voice pitch. E,F. Population interval
histograms for the same segments.
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In physiological studies at the level of the auditory nerve [7,8], we have found robust and
pervasive correspondences between interspike interval statistics of populations of auditory nerve
fibers and the pitches produced by a wide array of complex tones. In these studies we recorded the
responses of many single auditory nerve fibers in Dial-anesthetized cats to complex stimuli that
produce low, periodicity pitches in humans. We compiled all-order interspike interval distributions
(i.e. counting intervals between both successive and nonsuccessive spikes) for each fiber. We
weighted and summed the intervals from fibers according to their characteristic frequencies (CFs)
in order to estimate what the all-order interval distribution would be for the entire population of
auditory nerve fibers in a human listener. The result is a population-interval distribution, the
distribution of intervals thought to be present in the entire auditory nerve. These kinds of intervalbased representations constitute a possible means by which the auditory system might represent the
structure of sounds. Such temporal neural representations complement those channel-based
representations that are based on spatial patterns of discharge in auditory frequency maps.
With very few exceptions, we found that the most common all-order interval present in the
population corresponds to the pitch that is heard. This can be seen in Figure 1, which shows the
waveforms, power spectra, short-term autocorrelation functions for five stimuli that produce
definite pitches at 160 Hz. A sixth stimulus (D) lies just outside the classical existence region for
periodicity pitch, and produces a very weak, ill-defined pitch. Several of these stimuli (B, C, E)
have “missing fundamentals” at 160 Hz. The population-interval distributions for these stimuli at
the level of the auditory nerve are shown in the rightmost panels. In all cases, the positions of
major interval peaks correspond to the period of the pitch that is heard (i.e. the fundamental period
for harmonic complexes or the modulation period for AM noise) and its multiples. We found this
rule to hold at low (40 dB SPL), moderate (60 dB) and high (80 dB) stimulus levels, and at all
signal-to-noise ratios where the pitch could be heard. This suggests that all-order interval codes
provide extremely robust representations of pitch, that, like the pitch percept itself, are not greatly
distorted or degraded by high levels or background noise.
Our second major finding was that the relative proportion of pitch-related intervals amongst all
intervals qualitatively corresponded to pitch strength. In Figure 1, stimuli A-D evoke strong
periodicity pitches, whereas stimuli E and F evoke much weaker pitches. Correspondingly, in their
respective population-interval distributions, the peak-to-background ratios of the major, pitchrelated interval peaks are much higher for those stimuli (A-D) that produce strong periodicity
pitches.
These findings taken together with the rest of our data suggest that many diverse aspects of
pitch can be directly explained in terms of population-interval distributions at the level of the
auditory nerve: the pitch of the “missing fundamental”, pitch equivalence of stimuli with very
different power spectra, pitch shifts and pitch ambiguities produced by inharmonic AM tones, the
relative phase- and level-invariance of periodicity pitches, pitches produced by unresolved
harmonics and by AM noise, and the dominance (frequency) region for pitch. From studies of
neural responses in the auditory brainstem [3,4,19,31], it appears that population-interval
distributions can serve as representations for periodicity pitch in the central auditory system,
although the extent to which pitch-related timing information exists at the level of primary auditory
cortex is still unclear.
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Figure 3. Population-interval neural representations and corresponding stimulus
autocorrelation functions for five musical intervals. Stimuli were pairs of pure tones
or pairs of complex tones consisting of harmonics 1-6 (equal amplitudes), with the
lower fundamental frequency = 440 Hz. For complex tones, the fifth (3:2) and the
fourth (4:3) are generally regarded as consonant intervals with the tritone (45:32)
and minor second (16:15) being dissonant ones. For pure tones, the rank ordering
follows frequency separation, with the tritone being slightly more consonant than
the fourth. All 200 msec stimuli were presented at 60 dB SPL, 100 times to each
auditory nerve fiber (ANF) through a closed, calibrated acoustic assembly.
Population-interval distributions were compiled by summing together the all-order
interspike interval distributions of 50-100 ANF's distributed across a wide range of
characteristic frequencies (CF's). Positive portions of stimulus autocorrelation
functions are shown. Arrows indicate positions of major peaks in populationinterval and autocorrelation plots that may correspond to low pitches.
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Temporal autocorrelation
In our investigations of the representation of pitch at the level of the auditory nerve we also
observed that that the forms of population-interval distributions resembled their respective stimulus
autocorrelation functions. In this paper we will discuss this observation more deeply, outlining in
what sense these population-interval distributions might constitute autocorrelation-like
representations of the stimulus. We will briefly explore what this might mean in terms of auditory
representations and neural information processing.
Correlational analysis [20,41] was a much more widely used for the analysis of complex signals
in the decades before the “rediscovery” of the fast Fourier transform in the 1960’s and the general
availability of digital signal processing. Delay lines were common in the computing machinery of
the day, and analog autocorrelators existed for real-time analysis of time-series inputs [20].
Temporal autocorrelation and cross-correlation architectures were proposed for the representation
and the separation of auditory forms [9,23,36]. In other sensory modalities, temporal correlation
mechanisms successfully explained many aspects of motion detection in the fly visual system [30]
and flutter-vibration frequency discrimination in the somatosensory system [27]. Interspike
intervals and temporal discharge patterns have also been proposed as means of multiplexing
different kinds of visual information in neural pathways [10,32].
Temporal correlation functions entail the multiplication of a time-series signal by another signal
at different relative time delays (τ). Cross-correlation entails the multiplication of two different
signals, while autocorrelation entails the multiplication of a signal by itself. Because the output of
the multiplication operation is a joint property of both signals, correlation functions reflect patterns
of joint occurrences of events in time.
Correlation functions are intimately related to Fourier transforms. Temporal correlations are
expressed as functions of time delays (time domain), while Fourier transforms and power spectra
are expressed as functions of frequency (frequency domain). Power spectra can be obtained by
computing the Fourier transform of the autocorrelation function. Because this operation is
reversible (invertible), the autocorrelation function of a signal contains exactly the same
information about a stimulus as its power spectrum. Compared to the original waveform, the
autocorrelation function and the power spectrum retain periodicity information while discarding
phase information.
Currently the power spectrum and the spectrogram are most commonly used representations of
sound. Correspondingly, the auditory system is most often conceptualized of in terms of spatiallydistributed spectral representations, where particular sub-populations of auditory neurons are tuned
to particular frequency ranges. The profile of average discharge rates across these tonotopic
auditory frequency maps in effect provides a neural representation of the stimulus power spectrum.
These rate-place representations are channel-based: in their simplest forms, each neuron represents
the frequency to which it is maximally tuned, the discharge rate encoding in some fashion the
amount of stimulus energy in that frequency neighborhood.
Neural time domain representations of the stimulus waveform consist of times of arrivals in the
spike trains themselves. Time domain representations of the stimulus autocorrelation function
consist of distributions of interspike intervals, the times between spikes. The autocorrelation
function is simply a time-series multiplied by itself as a function of relative time delay: f(τ) = Σ S(t)
S(t-τ), summed over all times t. Typically we compute the (retrospective) autocorrelation function
only for short, positive time lags that are in the periodicity pitch range (e.g. 0-15 ms), thereby
reducing the amount of computation required. Autocorrelation functions are intimately related to
interspike interval histograms. If a spike train is described in terms of a time-series of 0’s (no spike
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in a given time-bin) and 1’s (spike in a given time-bin), then the retrospective autocorrelation
function of the spike train is the same as a histogram of the time intervals between all possible pairs
of spikes in the train, i.e. between both successive and non-successive spikes.
Temporal autocorrelation and all-order interspike intervals
We found through observation that the delay-positions of major and minor peaks in populationinterval distributions closely mirror those of the stimulus autocorrelation function. This can be
readily appreciated by comparing in Figure 1 the population-interval distributions with their
respective short-time stimulus autocorrelation functions. This correspondence holds to the extent
that there is phase-locking, i.e. for periodicities up to a few kHz. While all of the major and minor
peaks in autocorrelation of the AM tone with the low-frequency carrier (B) are replicated in its
population-interval response, the corresponding fine structure of the AM tone with the highfrequency carrier (E) is completely absent: only a very shallow remnant of the envelope remains.
In another series of experiments, we observed the responses of auditory nerve fibers to five
synthetic vowels [5,6]. These vowels had fundamental frequencies (F0s) that varied sinusoidally
between 100-126 Hz. Stimulus autocorrelation functions and population-interval distributions for
the vowel [ae] are shown in Figure 2. The population autocorrelogram, or running populationinterval distribution, and the signal autocorrelogram are shown in panels A and B. The voice pitch
of such a vowel is heard at the fundamental period. The densest interval band in the population
autocorrelogram (A) closely followed the fundamental period and voice pitch period throughout the
entire range of fundamental frequencies presented. There is strong correspondence between the
structure of the population and signal autocorrelograms in panels A and B.
In panels C-F the signal short-time autocorrelation functions and population interval histograms
are shown for two vowel segments, when F0 = 100 Hz and when F0 = 126 Hz. Major peaks at 10
ms and at 8 ms correspond to respectively to the fundamental periods (and voice pitches) or the
two segments. Each vowel has a characteristic autocorrelation function, and we found that in
general the population-interval distributions resembled their respective stimulus autocorrelation
functions. Essentially each vowel’s characteristic format structure sets up characteristic
autocorrelation and interval patterns. This is consistent with previous physiological observations
from both single ANFs and ensembles of ANFs [14,28]. We found that vowels could be
discriminated on the basis of population-interval distributions consisting of short intervals (0-5
ms), i.e. on the basis of temporal information alone. This suggests that the timbres of stationary
sounds with low- and medium-frequency components may be explicable in purely temporal terms
[24]. In other experiments we have found that changes in population-interval distributions covary
with vowel-class boundaries [18].
We have also used stimuli that have varying qualities of musical consonance or dissonance [38].
These stimuli consisted of either pairs of pure tones or pairs of complex tones (harmonics 1-6).
The (fundamental) frequency of the first tone was always 440 Hz. The second frequency was
separated from the first by various musical intervals (frequency ratios): fifth (3:2), fourth (4:3),
tritone (45:32), or minor second (16:15). The population-interval distributions and the positive
portions of their respective stimulus autocorrelation functions are shown in Figure 3. We are
currently analyzing the neural responses to these stimuli using a variety of representations,
including population-interval distributions, to explore possible neural correlates of musical
consonance, roughness, fusion, and distributions of perceived pitch(es). In music theory, which
primarily deals with relations between the complex tones produced by musical instruments, the
musical fifth and fourth are generally considered to be consonant intervals, whereas the tritone and
7

the minor second are generally considered as dissonant. Qualitatively, the more consonant stimuli
produce population-interval distributions with simpler, repetitive interval patterns, whereas the
dissonant stimuli produce more complex, less repetitive ones. What is most striking in this context,
however, is the similarity between the population-interval distributions and their respective
stimulus autocorrelation functions. For virtually all sets of stimulus autocorrelation peaks there
exist corresponding sets of interval peaks. The one exception is for the pure tone fourth (4:3),
where there is an extra set of small peaks at half the fundamental period and its multiples (this
corresponds to the distortion product 2f1- f2 , which, for the 4:3 ratio of the fourth, equals 2F0).
In retrospect, the reasons that population-interval distributions should resemble stimulus
autocorrelation functions are fairly straightforward. They depend mainly on the phase-locked
nature of auditory nerve fiber discharges. Each stimulus component produces discharges that are
phase-locked discharges to itself, predominantly, but not limited to, those auditory nerve fibers
whose characteristic frequencies (CF) are nearby. In doing so, intervals at subharmonics, integer
multiples of the component’s period, are produced. If the stimulus is a harmonic complex, then all
stimulus components have a common subharmonic at the fundamental. When all of the intervals
corresponding to all of the subharmonics are summed together in a population interval distribution,
the most common intervals are invariably at the fundamental period and its multiples (i.e. the
fundamental frequency and its subharmonics). This is the time-domain equivalent of Terhardt’s
frequency-based method of subharmonic coincidence [37]. If interspike intervals are the means by
which the auditory system represents pitch, then central auditory analyzers interpret the intervalpattern associated with the fundamental frequency (even if it is “missing”) as a low pitch. Thus, the
perception of periodicity pitch could well be a direct consequence of the basic neural codes that the
auditory system uses coupled with the phase-locked, stimulus-driven character of its neural
discharges. If this is the case, pitch judgments are well-described by temporal autocorrelation
models [11,12] precisely because the neural representations that subserve those judgments are
themselves autocorrelation-like.
The similarity extends beyond the patterns of major peaks that are associated with periodicity
pitch. Minor interval peaks are produced by other combinations of intervals (subharmonics of
stimulus components). These patterns repeat at each fundamental period in the autocorrelation
function (note the repeating patterns for the consonant stimuli and responses of Figure 3 and in the
autocorrelations of Figure 2 in panels D and F). Different vowels with different formant regions
(and different timbres) give rise to different repeating patterns of minor peaks that are nested within
the F0-related major peaks. It is not surprising then, that the delay-positions of interval peaks
should mirror those of the stimulus, since each stimulus component produces intervals related to it.
In some cases (Figure 3), the relative heights of peaks are similar in stimulus autocorrelations
and population-interval distributions, whereas in others (Figs. 1B and 2), the relative heights are
noticeably different. These similarities and differences may stem from the degree to which cochlear
filtering and spike initiation are linear processes. Autocorrelations of individual frequency
components summed together equal the autocorrelation of the whole [22]. For an array of
contiguous band-pass linear filters of uniform bandwidth, the sum of the channel autocorrelations
is proportional to the autocorrelation of the unfiltered stimulus. To the extent that the production of
intervals is the result of a linear process, then summing the intervals should yield relative
amplitudes that mirror the stimulus autocorrelation function. To the extent that nonlinearities are
created by cochlear filtering, hair cell transduction (half-wave rectification), synaptic transmission,
nonuniform distributions of characteristic frequencies of auditory nerve fibers or their rate-level
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functions (threshold and saturation effects), the respective heights of interval peaks will diverge
from their counterparts in the stimulus autocorrelation function.
The functional effects of nonlinearities in the auditory system depend critically on the nature of
the neural representations, i.e. what aspects of the neural signal are actually used by the auditory
system to subserve a given auditory percept. Interval-based representations of stimulus
periodicities appear to be relatively resilient to the introduction of many of the above-mentioned
nonlinearities. Nonlinear changes in discharge rates with level do not distort the time intervals that
correspond to a particular frequency component – they merely cause relatively fewer or more
intervals associated with that component to be produced. Combination tones created by nonlinear
distortion produce sets of related intervals that either augment those associated with stimulus
components or add entirely new sets of intervals to the distribution [16], as was seen for the pure
tone fourth in Figure 3. In population-interval distributions the delay positions of the interval peaks
themselves are generally unchanged, only the relative heights of peaks are altered. Thus, under a
population-interval code, information about the frequency of a stimulus component is generally not
degraded, while the information concerning the relative intensity of that component may be
considerably distorted by nonlinearities. Population-interval distributions therefore appear to be
more faithful in their representation of the frequencies of stimulus components that are present than
they are in their representation of the relative intensities of those components. In many ways this
behavior parallels our auditory perceptions. Subtle changes in the relative levels of stimulus
components generally affect the quality of sounds far less than comparable changes in component
frequencies. For example, for pure tones at 1 kHz and moderate levels, the difference limens for
intensity, expressed in terms of Weber fractions (I + ∆I)/I, are some 40 times those for frequency,
(f + ∆f)/f [33]. Interestingly, given the discharge properties of auditory nerve fibers,
autocorrelation analysis is by far the decision strategy that most closely approaches the
performance of the ideal pure tone frequency discriminator [13,17,34]. Independent of whether the
central auditory system utilizes such temporal coding strategies to represent auditory forms,
receptor arrays capable of phase-locking coupled with temporal autocorrelation analysis offer
extremely powerful and robust strategies for discriminating sounds, strategies that we have only
barely begun to incorporate into devices for processing audio signals [15,21,24,35].
Conclusions
The potential implications of autocorrelation-like representations in the auditory system are
many. Neural codes based on interspike intervals allow the stimulus power spectrum to be
represented and analyzed in the time domain. To the extent that there is phase-locking of neural
discharges to stimulus components, such interval-based codes can form the basis of stimulus
representations that complement spectral, tonotopically-based rate-place ones. Periodicity pitch
along with many other aspects of auditory perception may thus be direct consequences of the kinds
of temporally-based neural representations that the auditory system employs for the analysis of
sounds. Major questions remain for how such temporal information might be utilized by the central
auditory system to give rise to some of the qualities of sound that we hear. We need to better
understand the extent to which the timing information that we observe in the auditory nerve is
available at higher auditory centers as well as the neural computational strategies by which this
information might be effectively used.
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ABSTRACT
We have investigated the auditory representation of vowels
with low-frequency formants by recording the activity of auditorynerve fibers in anesthetized cats in response to Japanese /i/-/e/
synthetic-vowel continua. Vowels having either low (150 Hz) or
high (350 Hz) fundamental frequency F0 were varied in either
first-formant frequency F1 or the level of a “crucial harmonic”
near F1 to span the /i/-/e/ continuum. Two different neural
representations of the stimulus spectrum in the F1 region were
examined: a population rate-place profile and a population
interspike interval distribution. Characteristics of both
representations depend on F0. When individual harmonics are
resolved by the ear, as for high F0s, first formant frequency does
not have explicit correlates in either ANF rate-place patterns or
interspike interval distributions. Rather, both representations show
clear patterns corresponding to individual harmonics, as well as
the amplitude ratios of “crucial harmonics” near F1 that determine
vowel identity in psychophysical tests. When harmonics are not
resolved, as for low F0s, both rate-place and population-interval
profiles of individual harmonics fuse to form broader, single peaks
near F1, providing an explicit neural representation of formant
frequency.
1. INTRODUCTION
Formant frequencies are important for vowel identification,
yet the neural representation of formants is poorly understood,
particularly in low frequency regions. Formants are resonant
frequencies of the vocal tract which appear as local maxima
(peaks) in the envelope of the stimulus spectrum. In general,
spectral energy is present at harmonics of the fundamental
frequency (F0) rather than at the formant frequency. For vowel
discrimination, the auditory system could use a representation
based on either the spectral envelope (formant) or the fine spectral
structure (harmonics). Most models of speech perception assume
that vowel quality is based on a single peak at the formant
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frequency in a smeared internal spectrum. However, lowfrequency (<1000 Hz) harmonics are resolved by the human
auditory system, so that psychoacoustic excitation patterns [1]
exhibit separate peaks for individual harmonics rather a single
formant peak.
Recent psychophysical results[2] suggest that harmonic fine
structure near low-frequency formants plays an important role in
vowel perception. Specifically, the phonetic boundary between
the Japanese vowels /i/ and /e/ appears to be primarily determined
by the amplitude ratio of two crucial harmonics that are nearest
the first formant frequency (F1). Normally this amplitude ratio is
determined by both F0 and F1. In these experiments, two
synthetic-vowel continua spanning /i/ to /e/ were constructed.
One is an F1-continuum in which the frequency of a resonator
was systematically shifted, thereby altering the relative
amplitudes of all harmonics near F1. Another is an L(nF0)continuum in which the amplitude of a single crucial harmonic
was systematically varied. The perceptual boundary between /i/
and /e/ was found to be the same for both kinds of stimulus
manipulations when expressed in terms of an amplitude ratio of
the crucial harmonics (Fig. 1). Further experiments showed that
changes in F0 can influence vowel quality both by determining
which harmonics are crucial and by altering the amplitude ratio
at the boundary.
In the present electrophysiological study, vowel stimuli from
Hirahara’s psychophysical experiments[2] were used to answer
two questions about how formants are represented in the auditory
nerve: (1) under what conditions is formant frequency rather than
fine harmonic structure explicitly represented? (2) which neural
representation corresponds best to human judgments of vowel
quality, a population rate-place profile or a population interspike
interval distribution? We are particularly interested in high-F0
(>200 Hz) vowels whose auditory-nerve representation has not
been described.
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Fig. 1 Mean response curve of four subjects for the high-F0 (350Hz) F1-continuum (left). The amplitude ratio of the first and second
harmonics of the stimuli covaries with F1 (middle). The perceptual vowel boundary between /i/ and /e/ are the same for the F1continuum and the L(F0)-continuum when expressed in terms of the crutial harmonics amplitude ratio (right) [2].

2. METHODS
2.1 Stimuli
Stimuli were synthetic vowels forming continua between the
Japanese vowels /i/ and /e/. All stimuli were produced by a 6formant synthesizer using a 20 kHz sampling rate. Two types of
continua were generated, each one using both a low F0 (150 Hz)
and a high F0 (350 Hz). F1-continua varied the first formant
frequency (F1) from 328 Hz to 528 Hz in 20-Hz steps. In these
continua, amplitudes of all harmonics near F1 change as F1
increases. The phonetic boundary between /i/ and /e/ occurs
roughly at F1=328 Hz for the low-F0 continuum, and at F1=448
Hz for the high-F0 continuum. Stimuli with F1 below the
boundary are heard as /i/. L(nF0)-continua in which the amplitude
of a single harmonic with frequency nF0 was varied in 3 dB steps
over a 115 dB range that was centered at the /i/-/e/ phonetic
boundary. For the low F0 continuum, the second harmonic (2F0)
was manipulated, while for the high-F0 continuum, the first
harmonic (F0) was manipulated. Stimuli with harmonic
amplitudes above the boundary are heard as /i/.
For efficient data collection, the 11 stimuli forming each (F1or L(nF0)) continuum were concatenated into an ascendingdescending sequence. Each of the 20 stimuli in a sequence was
approximately 50 msec in duration, giving a total duration of 1
sec.
2.2 Electrophysiological Recordings
The activity of auditory-nerve fibers was recorded in Dialanesthetized cats using glass micropipettes. Stimuli were
delivered through calibrated, closed acoustic assemblies at an
overall level of 50 dB SPL. Times of action potentials were
recorded with a precision of 1 µsec.
Once a fiber was isolated, a threshold tuning curve and
spontaneous discharge rate (SR) were determined. An accurate
estimate of the fiber CF was obtained with broadband-noise
stimuli using de Boer’s reverse correlation technique. A ratelevel function for a tone at the CF was measured to determine the

maximum discharge rate. Each vowel sequence was presented
60 times per fiber.
2.3 Data Analysis
For the rate-place analysis, normalized driven discharge rate
was computed by averaging raw fiber discharge rate over the
entire stimulus duration, subtracting out the spontaneous rate to
obtain the driven rate, then normalizing the driven rate to a
dimensionless quantity between 0 and 1 by dividing by the
maximum driven rate. Rate-place profiles were formed by plotting
normalized driven rate against fiber CF. A moving-window
average of these profiles was obtained using 150-Hz windows.
For the interspike-interval analysis, an all-order interspike
interval histogram was computed. These histograms include
intervals between non-consecutive as well as consecutive spikes.
Interspike intervals from all fibers with CFs below 1000 Hz were
summed to form pooled interspike interval distributions.
These results are based on recordings from 235 auditory-nerve
fibers in five cats.
3 RESULTS
3.1 Rate-place representation
Figure 2 shows the rate-place representation of the low-F0 F1continuum. The left panel shows the normalized discharge rate
as a function of both CF and F1 for all stimuli. Darker areas
correspond to higher rates. Individual harmonics are clearly not
resolved and maximum rates occur roughly when CF=F1. The
plot resembles a smeared power spectrum of the vowel, with a
broad peak near F1 [3][4].
Right panels are rate-place profiles for 3 vowel stimuli within
the continuum, i.e. the horizontal cross sections of the left 2D
diagram. Each data point represents normalized discharge rate
for one auditory-nerve fiber. The solid line is a moving-average
of the data points. For all 3 stimuli, the rate-place profile shows
a maximum roughly centered at CF=F1. No peak is found at
individual harmonics (300, 450, 600 Hz). Thus there is an explicit
representation of F1 in rate-place profiles for low-F0 stimuli, when
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Fig. 2 The rate-place representation for the low-F0 (150Hz) F1-continuum.
Peaks in the rate-place profiles occur near F1.
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individual harmonics are not resolved by the ear.
Figure 3 shows the rate-place representation of the high-F0
F1-continuum. In contrast to the low-F0 continuum, population
rate-place profiles for high-F0 stimuli show multiple peaks at
individual harmonics rather than a single broad peak at F1.
Maximum rates thus occur when CF=nF0 (here 350, 700, 1050
Hz), rather than when CF=F1. This implies that for higher-F0s,
there is an explicit representation of individual, resolved
harmonics rather than one for formant frequency F1.
3.2 Interspike-interval representation
Figure 4 shows the interspike-interval representation for the
low-F0 F1-continuum. The left panel shows pooled interval
distribution as a function of F1 for all stimuli in the continuum.
Darker areas correspond to greater numbers of intervals. While
the main modes are always at n/F0, secondary modes change
systematically with F1. Thus, the pooled interval distribution
gives an explicit representation of F1 for low F0s, when individual
harmonics are not resolved in rate-place profiles.
Right panels show pooled interspike-interval distributions for
3 stimuli in the continuum, i.e. horizontal cross-sections of the
left 2D diagram. For all 3 stimuli, the highest peaks in the pooled
distribution are at the fundamental period 1/F0 and its multiples
[5]. In addition, for both the /e/ stimulus and the /i/-/e/ boundary,
secondary modes of the pooled distribution are found at 1/F1, 1/
F0±1/F1, 2/F0±1/F1, ... . For the /i/ stimulus, modes occur at the
periods of the crucial harmonic 2F0, which is very close to F1.
Figure 5 shows the interspike-interval representation for the
high-F0 F1-continuum. As with the low-F0 stimuli, the largest
modes in the pooled interval distribution for the high-F0 stimuli
are always at the fundamental periods (n/F0). However, in
contrast to the low-F0 case, secondary modes always occur at the
periods of a higher crucial harmonics (1/2F0). Thus, individual
harmonics, rather than formant frequency, are explicitly
represented in the pooled interval distribution for high F0s, when
harmonics are resolved in rate-place profiles.
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Fig. 4 The interspike-interval representation for the low-F0 (150Hz) F1-continuum.
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Figure 6 shows interspike-interval representation for the highF0 L(F0)-continuum. Pooled interspike-interval distributions for
the high-F0 L(F0)-continuum are very similar to those for the
high-F0 F1-continuum. In both cases, modes of the pooled
distribution always occur at the periods of crucial harmonics.
Thus, psychophysically-equivalent manipulations of changing the
level of a single harmonic and shifting the first formant frequency
produce pooled interval distributions that are also similar.
3.3 Comparison with psychophysics
A priori, we expect that the neural representation of vowel
quality should covary with human vowel quality judgments,
changing when perceived vowel quality changes, and remaining
the same when vowel quality remains the same. Likewise, good
neural correlates of phonetic boundaries should remain similar
for phonetic boundaries that are observed using different stimulus
manipulations. Human vowel quality judgments are expressed
in terms of the percentage of /i/ judgments [2] for each stimulus
in L(F0) and F1 continua. Neural measures of the amplitude
ratio between crucial harmonics are expressed in terms of
discharge rate ratios for the rate-place representation and in terms
of interval ratios for the interval-based one. Discharge rate ratio
is R(F0)/R(2F0), where R(f) is the average normalized discharge
rate for CF = f. Interval ratio is I(F0)/I(2F0), where I(f) is the
number of intervals at 1/f in the pooled interval distribution.
Figure 7 plots these two neural measures against the human
judgments that would be obtained for the same stimulus
continuum. In the left panel, the discharge rate ratios for both
continua are nearly the same at their respective phonetic
boundaries (50% /i/ judgments). In the right panel, the same
human vowel quality judgments (percent /i/) are plotted against
the interval ratios for their corresponding stimuli. Again, for both
continua the two curves are very close at the phonetic boundary
(and elsewhere as well). Thus, the amplitude ratio of crucial
harmonics provides a good acoustic correlate of the phonetic
boundary, and both rate-place and interval-based neural measures
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for this ratio provide correspondingly good neural correlates of
the boundary.
4 SUMMARY AND CONCLUSIONS
1. Fundamental frequency plays an important role for the
representation of low-frequency formants in the auditory nerve:
For high F0s, individual harmonics are physiologically
resolved: peaks in rate-place profiles occur at the crucial
harmonics, and modes of interval histograms are always at periods
of specific harmonics. Thus, no explicit representation of formant
frequency exists in the auditory nerve.
For low F0s, individual harmonics are not physiologically
resolved: peaks in rate-place profiles occur near F1, and modes
of interval histograms are often found near 1/F1. Thus, an explicit
representation of formant frequency exists in the auditory nerve.
2. There exist correlates of the /i/-/e/ phonetic boundary in the
amplitude ratios of crucial harmonics, and these amplitude ratios
have clear correlates in both rate-place profiles and patterns of
interspike intervals.
These results have broader implications for vowel perception
by humans. Psychophysical and physiological evidence suggests
that the human ear is more frequency-selective than the cat ear
[6][7]. Psychophysical measures of frequency selectivity in the
human are 50-100 Hz for low frequencies. In contrast, the effective
bandwidths of auditory-nerve fibers in the cat exceed 150 Hz.
Interpreting the cat data in the light of these species differences
leads to the following conclusions:
For all voices (men, women and children), harmonics near lowfrequency formants (< 1000 Hz) are likely to be physiologically
resolved. Here the amplitude ratio of crucial harmonics rather
than formant frequency per se may be the key cue for vowel
quality. Extrapolating from the cat data, we expect that invariant
correlates of the phonetic boundary exist in both rate-place and
temporal discharge patterns of the human auditory nerve.
For male voices, harmonics near higher-frequency formants
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NEURAL PLASTICITY

Temporal Coding of Periodicity Pitch in the
Auditory System: An Overview
Peter Cariani

Eaton Peabody Laboratory, Massachusetts Eye and Ear Infirmary, Department of Otology and
Laryngology, Harvard Medical School Boston, Massachusetts, USA
SUMMARY

This paper outlines a taxonomy of neural pulse
codes and reviews neurophysiological evidence for
interspike interval-based representations for pitch
and timbre in the auditory nerve and cochlear
nucleus. Neural pulse codes can be divided into
channel-based codes, temporal-pattern codes, and
time-of-arrival codes. Timings of discharges in
auditory nerve fibers reflect the time structure of
acoustic waveforms, such that the interspike
intervals that are produced precisely convey
information concerning stimulus periodicities.
Population-wide inter-spike interval distributions
are constructed by summing together intervals
from the observed responses of many single Type
I auditory nerve fibers. Features in such distributions correspond closely with pitches that are
heard by human listeners. The most common allorder interval present in the auditory nerve array
almost invariably corresponds to the pitch
frequency, whereas the relative fraction of pitchrelated intervals amongst all others qualitatively
corresponds to the strength of the pitch.
Consequently, many diverse aspects of pitch
perception are explained in terms of such
temporal representations. Similar stimulus-driven
temporal discharge patterns are observed in
major neuronal populations of the cochlear
nucleus. Population-interval distributions constitute an alternative time-domain strategy for
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representing sensory information that complements spatially organized sensory maps. Similar
autocorrelation-like representations are possible
in other sensory systems, in which neural
discharges are time-locked to stimulus waveforms.
KEYWORDS

neural codes, interspike intervals, autocorrelation,
phase-locking, temporal correlation, sensory coding,
vowels, voice pitch, speech perception
THE NEURAL CODING PROBLEM

The neural coding problem, how populations
of neurons represent and convey information
throt/gh trains of spikes, is fundamental to our
understanding how sensory systems function
(Boring, 1942; Mountcastle, 1967; Perkell &
Bullock, 1968; Uttal, 1973; Wasserman, 1992;
Cariani, 1995; Rieke et al., 1997; Richmond &
Gawne, 1998; Gerstner, 1999). The neural coding
problem in perception involves mappings (Fig. 1)
between stimulus, neural response, and percepts,
whose biological basis can be approached from
considerations of structure, function, and
functional organization. These considerations
involve different disciplines. Psychophysics seeks
to understand the relation between stimulus and
percept. Currently most neuroscience research is
devoted to understanding the structure-function
relationship of neurons on both the molecular and
cellular levels. At the neural systems level, most
current sensory neurophysiology focuses on
understanding the relation between stimulus and
neural response (system identification). Although
147
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a great deal is known about neural response
properties at many levels of the auditory system,
we do not yet have firm understandings of which
particular response properties subserve the
perceptions of auditory-form qualities, such as
pitch, timbre, consonance, and phonetic identity.
For auditory forms, solution of the neural coding
problem entails identifying which aspects of the
neural response are responsible for the perceptual
detections, discriminations, and recognitions that
can be realized by the system as a whole. In
semiotic terms, neural responses shorn of their
functional roles are signs, whereas neural codes
and representations constitute those aspects of the
neural responses that have particular functional,
informational significance. In the auditory
context, a major focus of such investigations is to
find strong psychoneural correspondences
between patterns of activity in auditory neurons

A

and the auditory percepts that invariably
accompany them. Once such correspondences are
found, then one can posit possible neural

processing strategies that can make use of such
information and look in the auditory pathway for
specific neural mechanisms that might subserve
such processing. The ultimate goal of these
efforts is to understand the biological design
principles, the functional organization of the
auditory system as an informational system, that
are essential for its perceptual and cognitive
capabilities. Neural codes, the manner in which
sensory information is represented by the system,
lie at the heart of this functional organization.
A number of biological and behavioral
constraints narrow the search for viable candidate
codes. Knowing how the system is constructed,
how the elements behave and how they are
interconnected, places strong constraints on how
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Fig. 1" Structure, function, and functional organization in the nervous system. Mappings between stimulus, neural responses,
and their related percepts.
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the system can handle information. Neuroanatomy supplies us with the interconnections,
neurophysiology with the response properties of
the parts, and molecular and cellular neuroscience
with more detailed understanding of their
operation. Similarly, knowing what perceptual
functions the system can and cannot perform
imposes a different set of functional constraints.
Here information-theoretic approaches have been
used to quantify how much information about the
stimulus can be extracted from neural responses
under particular coding schemes (Bialek et al.,
1991; Rieke et al., 1997; Richmond & Gawne,
1998). Decision-theoretic approaches have been
used to test how well neural information
represented via particular coding schemes
covaries with perceptual capabilities (Siebert,
1968; Siebert, 1970; Srulovicz & Goldstein,
1977; Delgutte, 1995). For example, decisiontheoretic criteria can use the high precisions of
perceptual discriminations that the system can
perform under challenging conditions to narrow
down the field of candidate codes. Potential codes
are eliminated if not enough information exists in
the neural response to support the observed
precisions, or if the information is not present
under all the confounding conditions under which
the system is able to function. Strong perceptual
and cognitive equivalence classes yield other
clues as to the nature of the information being
processed and of the modes by which it is
utilized.
Neuroanatomical and neurophysiological
considerations inform us as to how the parts of
the system are interconnected and how they
behave under particular conditions, but by
themselves do not inform us as to which parts are
essential for which functions, or how neural
responses are interpreted by the rest of the system
(Kiang, 1975). The psychological sciences inform
us as to the functional capabilities of the system,
but by themselves do not inform us the details of
the neural mechanisms, what parts are needed,
and how they must be organized to achieve
perceptual functions. A complementary approach
is therefore needed to focus on how the system is
organized to perform its functions. Currently this
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approach comes under the rubric of functional,
integrative, or computational neuroscience. In the
context of informational functions, functional
organization involves those aspects of neural
responses that convey information and those
aspects of neural structure that permit this
information to inform behavior usefully.
Neuroanatomical and neurophysiological
considerations inform us as to how the parts of
the system are interconnected and how they
behave under particular conditions, but by
themselves they do not inform us as to which
parts are essential for which functions how
neural responses are interpreted by the rest of the
system (Kiang, 1975). The psychological sciences
inform us as to the functional capabilities of the
system, but by themselves they do not inform us
the details of the neural mechanisms what parts
are needed and how they must be organized so as
to achieve perceptual functions. A complementary approach is therefore needed to focus on
how the system is organized so as to perform its
functions. Currently this approach comes under
the rubric of functional, integrative, or
computational neuroscience. In the context of
informational functions, functional organization
involves those aspects of neural responses that
convey information and those aspects of neural
structure that permit this information to usefully
inform behavior.
TAXONOMY OF NEURAL PULSE CODES

Many different kinds of neural pulse codes are
possible (Fig. 2). Neural coding of sensory infor-

mation can be based on discharge rates, imerspike
interval patterns, latency patterns, intemeural
discharge synchronies and correlations, spikeburst structure, or still more elaborate crossneuron volley-patterns. Sensory coding can be
based on the mass-statistics of many independent
neural responses (population codes) or on the
joint properties of particular combinations of
responses (ensemble codes)(Hatsopoulos et al.,
1998). Amidst the many ways that neural spike
trains can convey sensory information are
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fundamentally two basic ideas: "coding-bychannel" and "coding-by-time". Channel-based
codes depend upon the activation of specific
neural channels or of configurations of channels.
Temporal codes, on the other hand, depend on the
relative timings of neural discharges rather than
on which particular neural channels respond how
much. Temporal codes can be based on particular
patterns of spikes within spike trains (temporalpattern codes) or on the relative times-of-arrivals
of spikes (time-of-arrival codes).
The three different modes of neural coding:
coding by channel, coding by temporal pattern,
and coding by time-of-arrival, are complementary
and correspond respectively to different, independent, and general aspects of signals:
a) the physical channel through which the
signal is transmitted,
b) its intemal form (for example, its waveform
or Fourier spectrum), and
c) its time of arrival.

The absolute magnitude of the signal
constitutes a fourth, intensive aspect that can be
used in conjunction with the other three. For
encoding multiple kinds of stimulus properties in
a signaling system, each signal requires two
independent variables, signal-type and signalvalue. One variable conveys the type or category
of the information that is contained in the signal,
whereas the other encodes the particular state of
the signal amongst the possible alternative states.
In artificial devices, the signal-type is most
commonly conveyed by the particular channel
through which a signal is sent (consider the many
types of information conveyed by the respective
wires leading to different gauges on the dashboard
of a car). The identity of the channel conveys to the
rest of the device what kind of information is being
sent (namely, to which type of sensor the wire is
connected). Similarly, in artifacts, signal-value is
usually conveyed by the amplitude of the signal,
often a voltage. Neural coding schemes similarly
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require two sets of independent coding variables.
Most typically, channel-based neural-coding
schemes use the identities of neurons to encode
signal-types, whereas some intensive measure of
activation, such as discharge rate, encodes signalvalue. So constructed, channel-based coding
schemes depend critically upon which particular
neurons are activated how much. If the
connectivities of neurons are suddenly rearranged
in such a system, the coherence of neural
representations will be disrupted, at least until the
system can be adaptively rearranged to reflect the
new channel-identities.
Many different channel-based coding schemes
are possible. Such schemes can range from
simple, unidimensional representations to lowdimensional sensory maps to higher dimensional
feature detectors. In simple "doorbell" or "labeled
line" systems, activation (or suppression) of a
given neuron signals the presence or absence of
one particular property. In more multipurpose
schemes, neurons are differentially tuned to
particular stimulus properties, such as frequency,
periodicity, intensity, duration, or external
location. Profiles of average discharge rates
across a population of such tuned elements then
convey multidimensional information about a
stimulus. When spatially organized in a
systematic manner by their tunings, these
elements form sensory maps, in which spatial
patterns of channel-activation can then represent
arbitrary combinations of those stimulus
properties. In lieu of coherent spatial order, tuned
units can potentially convey their respective
channel-identities through the specificity of
spatially distributed neural connections. More
complex constellations of properties can be
represented via more complex concatenations of
tunings to form highly specific "featuredetectors". In the absence of coherent tunings,
response
of idiosyncratic
combinations
properties can potentially form "across-neuron
pattern codes" of the sort that are commonly
proposed for the olfactory system. Nevertheless,
idiosyncratic across-neuron patterns and
associative learning mechanisms have fundamental difficulties in explaining common strong

151

perceptual equivalence classes that are shared by
most humans and are largely independent of an
individual’s particular history (Gesteland et al.,
1965). Although these various functional
organizations, from labeled lines to feature
detectors to across-neuron patterns, encompass
widely diverse modes of neural representation, all
draw on the same basic strategy of coding-bychannel. In channel-coding schemes, it is usually
further assumed that distinctions between
alternative signal-states are encoded by different
average discharge rates (Shadlen & Newsome,
1994; Shadlen & Newsome, 1998). The
combination of channel- and rate-based coding
has remained by far the dominant neural coding
assumption throughout the history of neurophysiology (Boring, 1942; Barlow, 1995), and,
consequently, forms the basis for nearly all our
existing neural-network models.
Within channel-coding schemes, aspects of the
neural response other than rate, such as relative
latency or temporal pattern, can also play the role of
encoding alternative signal states (for example, the
latency-place and spatiotemporal codes shown in
Fig. 2). In a simple latency-channel code, channels
producing spikes at shorter latencies relative to the
onset of a stimulus indicate stronger activation of
tuned elements, which can be used to encode
stimulus intensity (Stevens, 1971), location (Brugge
et al., 1996), or other qualities. Common-response
latency, in the form of interchannel synchrony, has
been proposed as a strategy for grouping channels to
form discrete, separate objects (Singer, 1990;
Singer, 1995). In this scheme, rate pattems across
simultaneously activated channels encode objectqualities, whereas interchannel synchronies (joint
properties of response latencies) create perceptual
organization, which channels combine to encode
which objects. The concurrent use of multiple coding
vehicles, channel, rate, and common time-of-arrival
permits time-division multiplexing of multiple
objects. Still, other kinds of asynchronous multiplexing are possible if other coding variables, such as
common temporal pattem and phase coherence, are
used (Cariani, 1997).
Characteristic temporal discharge patterns can
also convey information about stimulus qualities.
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Neural codes that rely predominantly on the timings
of neural discharges have been found in a variety of
sensory systems (Mountcastle, 1967; Perkell &
Bullock, 1968; Chung et al., 1970; Kozak &
Reitboeck, 1974; Covey, 1980; Emmers, 1981;
Bialek et al., 1991; Carr, 1993; Cariani, 1995;
Cafiani, 1997). Conceptually, these temporal codes
can be divided into time-of-arrival and temporalpattern codes.
Time-of-arrival codes use the relative times of
arrival of spikes in different channels to convey
information about the stimulus. Examples of timeof-arrival codes are found in many sensory systems
that utilize the differential times of arrival of stimuli
at different receptor surfaces to infer the location of
extemal objects (Bower, 1974; Carr, 1993). Strong
examples are auditory localizations that rely on the
time-of-arrival differences of acoustic signals at the
two ears, echolocation range-findings that rely on
time-of-arrival differences between emitted calls and
their echoes, and electroceptive localizations that
use the phase-differences of internally generated
weak electric fields at different locations ofthe body
to infer the presence of external phase distortions
caused by nearby objects.
Temporal pattern codes, such as interspike
interval codes, use temporal patterns between
spikes to convey sensory information. In a
temporal pattern code, the internal patterns of
spike arrivals bear stimulus-related information.
The simplest temporal pattern codes are interspike interval codes, in which stimulus
periodicities are represented using the times
between spike arrivals. More complex temporal

pattern codes use higher-order time patterns
consisting of interval sequences (Emmers, 1981;
Lestienne & Strehler, 1987). Like time-of-arrival
codes, interval and interval-sequence codes could
be called correlational codes because they rely on
temporal correlations between individual spikearrival events. These codes should be contrasted
with conceptions of temporal coding that rely on
temporal variations in average discharge rate or
discharge probability (for example, Richmond &
Gawne, 1998), which count numbers of events
across stimulus presentations as a function of
time and then perform a coarse temporal analysis

on event-rates. Both time-of-arrival and temporalpattern codes depend on the stimulus impressing
itself, in one way or another, on the timings of
neural discharges. The stimulus-related temporal
discharge patterns, on which temporal-pattern
codes depend, can arise in two ways, through
stimulus-locking and through intrinsic-time
courses of response.
For stimulus-locking, the discharges of
sensory neurons follow the time-amplitude course
of the stimulus waveform. The highly stimuluslocked nature of discharges in the auditory nerve
and the cochlear nucleus is evident in the peristimulus time histograms shown in the figures
below. As long as a monotonic relation exists
between the amplitude of the driving input and
the probability of subsequent discharge, temporal
correlations will be produced between waveform
and spike train. In the auditory system, as in many
other sensory systems, receptor cells depolarize
when stereocilia are deflected in a particular
direction, such that the timings of spikes
predominantly occur during one phase of the
stimulus waveform as it presents itself to the
individual receptor (for example, after having
been mechanically filtered by the cochlea). This
form of stimulus-locking is known as phaselocking. In the auditory system, depending upon
the species, strong phase-locking can exist up to
several kHz, dramatically declining as progressively higher frequencies are reached. Such
phase-locking is also found in many other sensory
systems, albeit usually at much lower frequencies.
Phase-locked responses exist
a) to flutter-vibrations of the skin in mechanoception (Mountcastle, 1993),
b) to accelerations in the vestibular system,
c) to drifting gratings aod flickering lights in
the visual system (Pollen et al., 1989),
inhalation cycles and odor pulses in
to
d)
olfaction (Macrides & Chorover, 1972;
Onoda & Mori, 1980; Marion-Poll & Tobin,

1992),
e) to self-produced electrical oscillations in
electroception, and
to
the movements of muscles in propriocepf)
tive stretch receptors.
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A generalization can be made that every sensory
system will show phase-locked responses to its
adequate stimulus, provided that the contrast is
sufficient to create distinguishable, phasedependent responses and that modulations are
slow enough for phase-dependent responses to be
separated temporally. To the extent that phaselocking exists, then the time intervals between the
spikes that are produced (interspike intervals)

reflect stimulus periodicities, such that time
intervals themselves can serve as neural
representations of stimulus form. In addition,
phase-locked discharges register the arrival times
of nonperiodic, transient, and unitary events, such
that comparisons of the arrival times of the same
event at different sensory surfaces (for example,
the differential time-of-arrival of aa acoustic
wavefront at the two ears) can serve as neural
representations of stimulus location relative to
those sensory surfaces.
The intrinsic temporal patterns of neural
response can also convey information concerning
stimulus qualities. Such temporal response
patterns can be characteristic of particular
receptor types, individual neurons, local neural
circuits, or even whole neural populations.
Stimulus-related temporal discharge patterns that
are not directly locked to the time structure of the
stimulus have been observed in many sensory
systems: olfaction (Kauer, 1974; Macrides, 1977;
Marion-Poll & Tobin, 1992; Laurent & Naraghi,
1994); gustation (Covey, 1980; Di Lorenzo &
Hecht, 1993); spatial vision (Richmond et al.,
1987; Richmond & Gawne, 1998); color (Kozak
& Reitboeck, 1974; Wasserman, 1992). In some
sensory modalities, temporal patterns of electrical
stimulation appear to produce particular sensory
qualities, such as taste and color (Young, 1977;
Covey, 1980; Di Lorenzo & Hecht, 1993),
suggesting that the temporal patterns themselves
may be the neural-coding vehicles that subserve
these particular qualities. Stimulus-triggered
intrinsic temporal patterns that are associated with
conditioning and perceptual expectations have
also been found in cortical regions (John &

Schwartz, 1978; John, 1990).
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How might such intrinsic time patterns represent

combinations of stimulus properties? One
possibility is that the relative occurrence of different
time patterns, associated with characteristic impulseor step-responses of particular neurons, can serve as
markers that indicate the activation of particular subpopulations of neurons. Mixtures of odorants,
tastants, and wavelengths of light would then
produce mixtures of the respective temporal spike
patterns of the receptors and neurons that they
preferentially activate. As in the population-interval
representation for pitch discussed below, patterns
that are associated with the individual constituents,
their interactions, and their fusions presumably
would exist in the population time structure. These
features could then be used to discriminate basic
stimulus properties and to represent mixtures.
For different stimulus-receptor combinations,
many ionic and molecular mechanisms in sensory
receptors are available to produce differential
kinetics of activation, inactivation, and recovery.
In neural populations, temporal dynamics of
excitation and inhibition could similarly produce
characteristic temporal patterns. Both stimuluslocked and stimulus-triggered intrinsic temporal
response patterns can be found throughout the
auditory pathway. Extrinsic stimulus-locked
patterns are most apparent in the lower stations,
whereas intrinsic patterns become more apparent
as one progresses to more central stations, where
neural responses become increasingly dominated
by the recent history of the system as a whole.
Finally, yet another dimension to neural codes
involves the joint response properties of multiple
neurons. This dimension is the distinction
between population codes and ensemble codes
(Deadyler & Hampson, 1995; Hatsopoulos et al.,
1998), between statistical orders and switchboards (John, 1972). To represent information,
population codes use the mass statistics of
stimulus-driven response properties of individual,
largely independent units. Examples of such
population codes are population-rate vectors in
the motor cortex (Lee et al., 1998), or the auditory
population-interval distributions presented below.
In population codes, interdependencies between
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the responses of particular neurons are themselves
irrelevant to the representation. Ensemble codes,
on the other hand, use these interdependencies
rather than common, stimulus-driven statistical
structure to represent information. Response
interdependencies can be reliably produced by
specific intemeural connectivities and timedelays. The resulting stimulus-related intrinsic
correlations between the neuronal channels that
are activated and/or synchronized, as well as
between the latencies of spikes produced by
different neurons, then can convey information
about a stimulus. Perceptual grouping by means
of channel-synchronizations that are not stimulusdriven would be an example of an ensemble code,
in which statistics of channel activations by
themselves would be insufficient for its
interpretation; one would have to know which
combinations of channels are synchronized at
each moment. In the context of sensory coding,
the relative merits of the stimulus-driven, massstatistics of population-codes versus the stimulustriggered, joint-response properties of ensemble
codes remain to be more fully explored.
THE NEURAL BASIS OF PITCH PERCEPTION

The nature of the neural codes that subserve
auditory perception have generated lively ongoing
discussion and debate for most of the last 150
years (Boring, 1942; Wever, 1949; de Boer,
1976). For the most part, this discussion has been
focused on whether frequency is represented
(a) via rate-place codes, namely, neural dischargerate profiles in auditory frequency maps, or
(b) via temporal codes, namely, interspike
interval distributions (Siebert, 1970; Moore,
1997; Evans, 1978s). In many debates about
neural coding, pitch has played a pivotal role
mainly because pitch is a perceptual correlate of
frequency (Boring, 1942; de Boer, 1976). At the
same time, pitch is also a perceptual correlate of
periodic waveforms, whether single pure tones or
complexes consisting of many harmonically
related partials. Operationally, pitch is defined as
the frequency of a pure tone to which a given

sound can be reliably matched. The percept
provides a very rich test bed for understanding
many aspects of perception. Like color, pitch is
metameric; the same pitch can be evoked by
many different stimuli that can differ markedly in
their power spectra. When harmonically related
partials are sounded together, strong pitches at
their common, fundamental frequency (F0) can be
produced in the absence of any spectral
component at that frequency (specifically, the
"missing fundamental" is heard). These pitches
are often called "low" pitches because the
fundamental has a lower pitch than those that are
associated with any of the individual partials.
Such pitches are often called "periodicity" pitches
because the low pitch at the fundamental reflects
the periodicity of the recurring time pattern that is
associated with the whole harmonic complex.
Thus, combinations of partials give rise to new
low pitches that are not heard in the separate
constituents. Pitches produced by such complex
tones are consequently "emergent" perceptual
Gestalts, products of the relations between parts
rather than of the parts themselves. Finally, pitch
is largely invariant with respect to a host of
factors, such as stimulus intensity and location,
that produce large changes in the responses of
auditory neurons. These perceptual invariances
focus the search for the neural basis of pitch on
the aspects of neural activity displaying similar
stability.
Historically, a strong case for temporal coding
of pitch has always been made ( Troland, 1929;
Boring, 1942; Wever, 1949), although the
pendulum of scientific opinion has swung back
and forth between spectral pattern and temporal
theories several times now (de Boer, 1976; Evans,
1978; Lyon & Shamma, 1995). Although autocorrelation-based models for pitch were first
proposed almost a half-century ago (Licklider,
1951; Licklider, 1959), only during the last two
decades have similar kinds of global, intervalbased models been revived and extended (van
Noorden, 1982; de Cheveign6, 1986; Meddis &
Hewitt, 1991; Slaney & Lyon, 1993; Lyon &
Shamma, 1995; Cariani & Delgutte, 1996a,
1996b; Meddis & O’Mard, 1997; Moore, 1997).
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In physiological studies at the level of the
auditory nerve of the cat (Cariani & Delgutte,
1996a, 1996b), a robust and pervasive corres-

pondence was found between interspike interval
statistics of populations of auditory nerve fibers
and pitches that are produced by a wide array of
complex tones. The auditory nerve is a strategic
location for the study of pitch, the conduit
through which must pass virtually all the auditory
information that the central auditory system uses
for the representation of sounds. Thus, whatever
the nature of subsequent processing, the necessary
information for all auditory capabilities must be
present in the responses of auditory nerve fibers.
For this reason, the auditory nerve has been one
of the most intensively studied neural populations
in the nervous system (Kiang et al., 1965; Rose et
al., 1967).
METHODS

The auditory nerve responses presented here
come from the same data set that has been published
previously in (Cariani & Delgutte, 1996a; 1996b),
where experimental methods, stimuli, and analytical
procedures are described in detail. Briefly, stimuli
were numerically synthesized and delivered via
closed, calibrated acoustic systems to Dialanesthetized cats with normal heating. Posterior
craniectomy and partial retraction of the cerebellum
permitted the visually-guided insertion of glass
microelectrodes into the auditory nerve near the
intemal auditory meatus. The auditory nerve in the
cat consists of two populations of spiral ganglion
afferents: myelinated Type I radial afferents (90% to
95%) and unmyelinated Type II outer spiral
afferents (5% to 10%) (Ryugo, 1992). The responses
of single Type I auditory nerve fibers were recorded
serially, using standard electrophysiological techniques. For each fiber, the characteristic frequency
(CF), the discharge-rate response threshold, and
the spontaneous rate were measured. The CF is
the frequency to which a fiber has its lowest
sound-pressure threshold (namely, the frequency
for which the lowest sound-pressure level reliably
elicits an extra spike within a 50 ms period).
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Characteristic frequencies therefore provide an
indication of the cochlear "place" from which an
auditory nerve fiber receives its synaptic inputs.
Units in the cochlear nucleus were recorded extracellularly, using tungsten electrodes positioned
under direct visual guidance.
NEURAL CORRELATES OF PITCH IN THE
AUDITORY NERVE

In these studies, microelectrode recordings
were made of responses of single auditory nerve
fibers to stimuli that produce low, periodicity
pitches in humans. Figure 3 shows the responses
of 51 auditory nerve fibers to 100 presentations of
such a stimulus.
The waveform, power spectnma, and autocorrelation function of the vowel stimulus are
shown in panels 3A,C,E. The vowel is a harmonic
complex whose partials are all integer multiples
of its fundamental frequency (F0=80 Hz) and
whose waveform is periodic, repeating every
fundamental period (1/F0=12.5) ms. Perceptually,
the vowel produces a strong low pitch at its
fundamental frequency (F0=80 Hz), whereas the
vowel quality or timbre is determined by its
single, formant frequency (F1=640 Hz) and its
bandwidth (50 Hz). The temporal patterns that are
associated with the fundamental and the formant
can be seen in the waveform (3A) of the vowel,
whereas their respective harmonic spacings and
concentration of energy in the formant can be
seen in the power spectrum of the vowel (3C).
The vowel stimulus was delivered at a moderate

level (60 dB SPL).
Response peristimulus time histograms
(PSTHs) for the whole ensemble of fibers are
shown in Fig. 3B. The PSTHs are ordered by their
respective characteristic frequencies (CFs).
Immediately striking is the wide extent to which
stimulus-driven temporal discharge patterns
predominate over the entire auditory nerve array.
Periodicities related to the fundamental F0, and
hence, to the pitch period, are distributed across
the entire array in the responses of fibers, with
CFs ranging from 200 Hz to over 10 kHz. Given
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Fig. 3: Auditory nerve response to a single-formant vowel. A. Vowel waveform. A strong, low voice pitch is heard
corresponding to the fundamental period, 1/F0=12.5 ms. B. Peristimulus time histograms of 51 cat auditory nerve fibers
to 100 presentations at 60 dB SPL, arranged by characteristic frequency (CF). C. Power spectrum of the vowel
(logarithmic frequency scale). The ftmdamental frequency, (F0=80 Hz frequency spacing of harmonics) and the
formant frequency (F1 640 Hz spectral peak) are indicated. Bandwidth 50 Hz. D. Discharge rates as a function of
CF and spontaneous rate (SR) (circles, high SR; triangles, medium SR; crosses, low SR). E. Stimulus autocorrelation
function. Arrows indicate formant period l/F1 and fundamental period l/F0. F. Population-interval distribution formed
by summing all-order intervals from all fibers.
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that the stimulus has relatively little power above
1 kHz (Fig. 3C), this result is perhaps even more
remarkable. To a greater or a lesser degree, all
temporal discharge patterns follow the stimulus
waveform, reflecting the relation between the
respective fiber CFs and the stimulus spectrtnn.
The reason for this near ubiquity of common
temporal structure lies in the broadband nature of
the responses at moderate- and high-stimulus
levels and in the frequency asymmetry of cochlear
tuning. The broad, low-frequency tails of tuning
curves are such that low-frequency components
presented at moderate levels (>50 dB SPL) can
weakly drive large numbers of auditory nerve
fibers whose CFs are well above them (Kiang &
Moxon, 1974; Kim & Molnar, 1979). Discharge
rates as a function of CF and spontaneous rate are
shown in Fig. 3D for a rough comparison with the
stimulus power spectrum. Spectral pattern
representations for pitch that are based on
discharge rates would require that
a) the individual harmonics be separated in
population-rate profiles,
b) their frequencies be associated with the
individual harmonics estimated, and
c) their harmonic relations be analyzed to infer
the
frequency of their common
fundamental.
The two dominant periodicities of the vowel,
F0 and F1, can be readily seen in the discharge
patterns of fibers in different CF regions. At this
sound-pressure level, intervals related to the fundamental are found virtually everywhere, whereas
formant-related periodicities are concentrated
primarily in the CF regions that are nearest to the
formant. More detailed views of the responses of
two fibers with different CFs are shown in Fig. 4.
A fiber whose CF is in the formant region
(CF=950 Hz, Fig. 4A to 4F) discharges throughout most of each vowel period. A second fiber
whose CF is above the formant region (CF=2100
Hz, Fig. 4H to 4K) responds less vigorously to the
stimulus, producing spikes mostly at the onset of
the vowel period. In Fig. 4. first-order and allorder interspike interval histograms are shown for
the two fibers. A first-order interval histogram
(Fig. 4E and 4J) tabulates the distribution of
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interspike intervals between consecutive spikes,
whereas an all-order interval histogram (4F and
4K), also called an autocorrelation histogram,
tabulates the distribution of intervals between
both consecutive and nonconsecutive spikes. Both
fibers produce intervals that are related to the
fundamental period (1/F0=12,5 ms) and to components in the formant region (1/Fl=l.6 ms),
albeit in different proportions.
It should be noted here that some measures
that have been traditionally used to quantify
temporal structure in neural responses, such as
first-order interval distributions, period histograms, and synchronization indices, can provide
misleading comparisons. For example, the
discharge rate of the higher-CF fiber is more
highly modulated, so that its period histogram
would show spikes that are distributed over a
smaller fraction of the vowel period, producing a
correspondingly higher synchronization index.
The higher-CF fiber might therefore be thought to
better encode the fundamental period. Similarly,
the higher-CF fiber produces more first-order
intervals at the fundamental period than does its
formant-region counterpart. But nevertheless, in
absolute terms, the formant-region fiber contributes more all-order, F0-related interspike
intervals to the population response. The reason
for the inversions concerns the relative nature of
these measures; for both measures, adding extra,
intervening spikes alters the apparent amount of
F0-related temporal structure. Because synchronization indices are relative, vectorial additions,
adding extra spikes throughout the period,
degrades the index. Because first-order interval
distributions omit longer intervals when intervening spikes are present, these distributions
systematically exclude longer F0-related intervals
as discharge rates increase. As discharge rates
generally increase with the level, if first-order
intervals were used, then the neural representation
of low fundamental frequencies should have
worsened at higher levels, a trend that is not
observed in the psychophysics. By contrast, allorder intervals that are associated with particular
periodicities are not adversely affected by the
extra, intervening spikes; hence such intervals
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Fig. 4: Responses of two auditory nerve fibers with different CF’s to 100 presentations of a single formant vowel, 60 dB SPL.
A-F. Unit 25-19, CF 950 Hz, near the formant region. H-K. Unit 25-91, CF 2.1 kHz, well above the formant region.
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constitute a neural coding strategy that better
mimics perception in its behavior. For these
reasons, it is important to choose measures of
temporal response structure appropriate to the
kinds of neural codes that one is investigating.
Every neural response measure that one analyzes
carries with it an implicit neural coding

hypothesis.
Population-interval distributions are formed
by summing together the all-order interspike
interval distributions of individual fibers (Fig.
3F). Population-interval distribution serves as a
rough estimate of the interval statistics of the
entire auditory nerve. Because this distribution is
the sum of many autocorrelation histograms or
channel-auto-correlations such a distribution is
often called the "summary autocorrelation" in
many signal-processing and auditory simulations
contexts (Meddis & Hewitt, 1991; Lyon &
Shamma, 1995). The most salient aspect of this
distribution is the large major peak associated
with the fundamental period (1/F0=12.5ms)
which, in turn, corresponds to the low pitch that is
heard. For harmonic stimuli, all-order intervals at
the fundamental period are always at least as
numerous as those associated with any other
periodicity (Rose, 1980), so that invariably, when
the all-order intervals from many fibers are
pooled together, the intervals at the fundamental
are the most abundant. The second major peak, at
25 ms, is also associated with the fundamental:
the second peak corresponds to two fundamental
periods. These major interval peaks correspond to
the major peaks in the stimulus autocorrelation
fimction (Fig. 3E). Thus, the most common interspike intervals that are generated at the level of
the auditory nerve correspond to the pitch of the
stimulus. This concordance was found to be the
case for a wide range of fundamental frequencies
and for many other kinds of harmonic stimuli as
well, using both neurophysiological data (Cariani
& Delgutte, 1996a; 1996b) and auditory nerve
simulations (Meddis & Hewitt, 1991; Meddis &
O’Mard, 1997).
Yet another salient aspect of the populationinterval distribution (Fig. 3F) is its similarity in
form with the autocorrelation function of the
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stimulus (Fig. 3E). The similar locations of major
and minor peaks in both distributions is a general
consequence of phase-locking, namely, temporal
correlation between the stimulus waveform and
the spike timings. In effect, population-interval
distributions can serve as autocorrelation-like
representations of the stimulus that contains the
same information, up to the frequency limits of
phase-locking, as its power spectrtnn. Thus,
operations that are formally related to Fourier
analysis can be neurally realized in the time
domain by using all-order interval distributions.
Interspike interval information is extremely
precise, permitting the fundamental period to be
reliably estimated with a high degree of accuracy.
From the responses of a few thousand spikes,
estimates of the fundamental frequencies of
stimuli producing strong pitches, such as the
single-formant vowel, typically have standard
errors on the order of 1%. This estimate can be
compared with the ability of human listeners
(--30,000 Type I auditory nerve fibers) to
distinguish fundamental frequencies differing by
fractions of a percent (cf. Siebert, 1968; Siebert,

1970).
Many other aspects of pitch perception can be
explained in terms of population-interval representations. Some of these are summarized in Fig.
5, with their associated population-interval histograms. Harmonic complexes lacking frequency

components at their ftmdamentals, such as the

AM tone in Fig. 5A, nevertheless evoke strong

pitches at their "missing" fundamentals. The
power spectrum of the AM tone in the second
plot shows the frequencies of its three
components (solid lines at 480, 640, and 800 Hz)
and the frequency of the low pitch heard at the
fundamental (dotted line at 160 Hz). Both the
stimulus autocorrelations and the populationinterval distributions produced by such stimuli
(rightmost plots) exhibit major peaks that
correspond to these emergent pitches.
Different kinds of stimuli can give rise to the
same low pitch. In one way or another, the auditory
system creates strong perceptual equivalence
classes for pitch. Population-interval distributions
for four stimuli are shown in Fig. 5B. Despite very
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different power spectra, each kind of stimulus
evokes a common low pitch at 160 Hz. In all
cases, the positions of the major interval peaks
correspond to the common pitch period (6.25 ms).
Thus, if the auditory system carried out an
analysis of population-interval distributions, with
the predominant interval corresponding to the
pitch, then the pitch-equivalence of these stimuli
would be a direct consequence of the basic
neural-coding mechanisms that are used by the
auditory system.
Different stimuli also differ in pitch salience,
evoking stronger or weaker pitches. The
population-interval distributions for three stimuli
differing in pitch salience are shown in Fig. 5C.
The two leftmost stimuli, a pure tone and an AM
tone, evoked strong pitches, whereas the rightmost stimulus, an amplitude-modulated broadband noise, evoked a weak pitch. Qualitatively,
the stimuli evoking strong pitches produced
population-interval distributions with higher
peak-to-mean ratios, namely, a higher fraction of
all the pitch-related intervals that were produced.
The stimuli producing weak pitches had low
peak-to-mean ratios that were much closer to
unity. The correspondence between pitch salience
and peak-to-mean ratios is rough only because the
pure tone produces a pitch that is always at least
as salient as an equivalent AM tone, yet the peakto-mean ratio of the AM tone was substantially
greater than that of the pure tone.
The low pitches of complex tones are highly
invariant with respect to stimulus intensity.
Population-interval distributions for the singleformant vowel discussed above are shown in Fig.
5D for three sound pressure levels: low (40 dB
SPL), moderate (60 dB SPL) and high (80 dB
SPL). Like human pitch judgments, the pitches
that were estimated from population-interval
distributions changed very little over the 40 dB
range. Similarly, the representation of formantrelated periodicities remained very stable over
that range. In the auditory system, such stability
makes for extremely robust representations of
pitch and timbre that do not degrade at moderate
and high levels. In contrast, the saturation of
discharge rates at these levels (Kim & Molnar,
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1979), with the consequent loss of representa-

tional contrast and precision, poses fundamental
problems for rate-place coding of these qualities.
Population-based correlational representations
of loudness are conceivable. As stimulus levels
increase, population interval distributions more
closely resemble the stimulus autocorrelation: the
correlation coefficient r between the stimulus
autocorrelation function of the single formant
vowel, and its respective population-interval
histogram is 0.62 (n--17 fibers) for 40 dB SPL;
rising to 0.70 (n-61 fibers) at 60 dB SPL, and
0.77 (n=31 fibers) at 80 dB SPL. The correlation
coefficient is, in effect, a measure of the amount of
the common stimulus-driven time structure in the
neural population. These comparisons are tentative
because little overlap exists among the three sets of
fibers. Nevertheless, such comparisons suggest a
straightforward interpretation. As stimulus levels
increase, a progressively greater fraction of discharge
timing is stimulus-driven, such that the ratio of
stimulus-driven intervals versus tmcorrelated,
spontaneously produced intervals steadily increases.
Thus, the loudness of an auditory object potentially
could be encoded by the fraction of the common
temporally structured activity with which it is
associated. Such a correlational representation would
effectively use the entire dynamic range of the whole
auditory nerve array. In such a scheme, spontaneous
activity increases the dynamic range of the system by
providing an uncorrelated noise source that can be
successively displaced by stimulus-driven interspike
intervals.
Complex pitch phenomena can also be explained
in terms of population-interval distributions. Whereas
periodic, harmonic tone complexes generally evoke
unambiguous low pitches, inharmonic complexes can
evoke ambiguous, mtdtiple low pitches and small
pitch shifts. A half-century ago, Schouten and deBoer
(deBoer, 1976) conducted a classic set of experiments to determine whether pitch perception relies on
spacings between adjacent frequency componems (or
equivalently on waveform envelope periods) rather
than on harmonic relationships between components
(or equivalently on the waveform fine structure). An
AM tone consists of a complex comprising three
successive harmonics that evokes a clear,

162

PETER CARIANI

unambiguous pitch at its (missing) fundamental
frequency. When all three harmonics were shifted
either upward or downward in frequency by the same
amotmt, while keeping their frequency-spacings
comtant, the low pitch of the complex first shifted
slightly by a much smaller amount than this frequency
difference, an amount that was related to harmonic
structure. When the frequencies were further shifted,
listeners could hear one of two ambiguous pitches in
the vicinity of the original pitch. The pitches
estimated from the population-interval distributiom
for these respective cases (Fig. 5E) closely correspond
to the pitch shifts that have been observed for human
listeners. When the complex is harmonic
(n=Fc/Fm=6=integer), there is one clear pitch and
one population-interval maximum. When the
complex is inharmonic (n=5.86=noninteger), the
pitch shifts, as does this maximum (arrow). When
the components are further shifted downward
(n=5.5), either of the two pitches can be heard
with roughly equal probability; correspondingly,
two equal population-interval maxima are present
(double arrows). Thus, a complex set of
harmonically-based pitch effects can be readily
explained in terms of population-interval
representations.
The relative insensitivity of most auditory
perception to the phase spectra of stationary
sounds has long been recognized. For complex
tones consisting of lower-frequency stimulus
components (<1500 Hz), distinguishing stimuli
that differ in phase, but not magnitude spectrum,
despite very obvious differences in their
waveforms, is generally very difficult. The
waveforms of two such stimuli, an AM tone and a
quasi-frequency modulated (QFM) tone that
differ only in the phases of their center
components (640 Hz), are shown in Fig. 5F.
Their waveform envelopes are considerably
different, with the AM tone having an envelope
that is highly modulated, and the QFM tone
having one that is much flatter. Their perceptual
indistinguishability argues against auditory
mechanisms that are sensitive to the phases of
low-frequency components, such as neural
computations that carry out an analysis of wholewaveform envelopes. The respective population-

interval distributions for these stimuli are highly
similar, almost indistinguishable.
Whereas the perception of pitches created by
low-frequency harmonics is largely phaseinsensitive, the same cannot be said for the

higher-frequency, closely-spaced, perceptually
"unresolved" harmonics. Alterations in the phases
of the upper harmonics can affect the low pitches
that they evoke (for example, doubling the pitch)
by altering the shapes of waveform envelopes that
are produced by cochlear filtering. Thus psychophysically, two kinds of low pitches appear to be
evoked by complex tones:
1) phase-insensitive pitches that are produced
by lower-frequency, perceptually-resolved
harmonics, and
2) phase-sensitive pitches that are produced by
higher-frequency, unresolved harmonics.
This dichotomy has led some auditory theorists to
posit dual pitch mechanisms, one for resolved
harmonics alongside another for unresolved ones
(Carlyon & Shackleton, 1994; Shackleton &
Carlyon, 1994). Both sets of low pitches can be
explained, however, in terms of a cemral analysis
of all-order population-interval distributions. For
closely spaced, unresolved, higher-frequency
components, phase-locking to individual components is weak relative to phase-locking to
envelopes, such that the interspike intervals that
are produced (primarily by high CF fibers) mostly
reflect the temporal structure of the envelope. The
two kinds of low pitches may therefore
correspond to the two modes by which pitchrelated interspike intervals can be generated:
phase-locking to individual harmonics, and
phase-locking to their interactions (envelopes).
As population-interval distributions incorporate
intervals that are generated by both mechanisms,
these representations provide a unified analytical
framework that accounts for both kinds of pitches
(Cariani & Delgutte, 1996a, 1996b; Meddis &
O’Mard, 1997). The perceptual resolvability of
harmonics itself may have a neural basis in the
two competing mechanisms of interval generation
and in the discriminability of multiple interval
peaks in population-interval distributions that
they produce (of. discussion of neural coding and
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signal detection (Moore, 1997, pp. 118-121).
Thus, in population-interval accounts, linkages
could exist between the perceptual resolvability
of harmonics and different modes of pitch
perception.
The dominance of lower-frequency harmonics
in determining the low pitch of a complex tone
("the dominance region for pitch") can also be
explained in population-interval terms. All other
factors being equal, when two harmonic
complexes, one consisting of lower-frequency
(<1500 Hz) and the other of higher-frequency
(>1500 Hz) components, each having slightly
different fundamentals, are presented together so
that their pitches compete, the pitch of the former
is almost always heard over that of the latter.
Population-interval distributions for such a
combination of two complexes (harmonics 3-5 of
fundamentals at 160, 240, 320, and 480 Hz versus
harmonics 6-12 of fundamentals 20% higher) are
shown in (Fig. 5G). In all cases, the predominant
interval in the distribution corresponds to the
dominant pitch of the lower-frequency complex
(1/F03_5) rather than that of the upper (1/F06-12). It
thus appears that harmonics in the 500 to 1500 Hz
range are disproportionately effective in
generating many all-order interspike intervals at
the fundamental period. These frequencies
produce the most highly phase-locked responses
in the greatest number of fibers. As a result,
because of the basic factors that are common to
many mammalian auditory systems, populationinterval distributions preferentially reflect the
stimulus frequencies that play a predominant role
in determining pitch percepts.
In addition to pitch, vowel quality or timbre
can also be represented in population-interval
distributions in patterns of short intervals (Fig.
5H). Timbre itself is a complex, multidimensional
auditory quality that can depend upon many
factors, such as spectral shape, onset and offset
properties, ongoing temporal dynamics (vibrato,
roughness), and phase coherence (tones vs.
noises). For stationary, harmonic sounds, timbre
is determined by spectral shape, for example, the
locations and heights of formants. The stimulus
autocorrelation function and the population-
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interval distribution show a series of minor peaks,
which are associated with components in the
formant region that give the vowel its
characteristic tone quality. Patterns of shorter
intervals, those less than half the fundamental
period (1/F0<6.25 ms), reflect formant structure
alone, whereas patterns of longer intervals reflect
fundamental-formant relationships. For multiple
formant vowels, the patterns of short intervals in
population-interval distributions are sufficient to
discriminate different vowels, using temporal
information alone ( Palmer, 1992; Cariani, 1995;
Cariani et al., 1997). The appearance and disappearance of minor peaks in the population-interval
distribution also closely follow the perceptual vowelclass boundaries that are observed psychophysically
(Hirahara et al., 1996).
These findings, when taken together with those
derived from populations of simulated auditory
nerve fibers, suggest that many diverse aspects of
pitch perception can be directly explained in terms
of population-interval distributions at the level ofthe
auditory nerve. The main conclusions can be
summarized as follows.
1) First, with very few exceptions, the most
common all-order interval present in the
population precisely and robustly corresponds to the pitch that is heard.
2) Second, the relative proportion of pitchrelated intervals amongst all others roughly
corresponds to the strength of the pitch that
is heard.
Many complex aspects of pitch perception can
consequently be readily explained in terms of a
central analysis of population-interval representations. All-order interspike intervals themselves
are time durations that preserve harmonic
relations between frequencies, such as the 2:1
octave ratio. If the auditory system uses
representations that preserve the harmonic
structure inherent in time intervals, then the
perception of basic harmonic relations may be a
direct consequence of the neural codes that the
auditory system uses to represent and analyze
sounds, rather than the product of elaborate
harmonic cognitive schemas that have been built
up from prior experience.
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CODING OF PITCH IN THE CENTRAL
AUDITORY SYSTEM

Whether such a temporal analysis is in fact
implemented in the central auditory system, what
form it might take, and where it might occur are
issues that are presently under investigation.
Previous studies of neural responses in the
auditory brainstem have indicated a widespread
locking of discharges to pitch-related stimulus
periodicities (Greenberg & Rhode, 1987; Kim &
Leonard, 1988; Kim et al., 1990; Rhode, 1995).
Several populations of neurons in the three major
divisions of the cochlear nucleus (anteroventral
division, AVCN; posteroventral division, PVCN;
dorsal division, DCN) project to more central
auditory stations in the brainstem and midbrain.
By virtue of the differences in the distribution of
their inputs and intrinsic properties, the neurons
in each population have a characteristic response
pattern when driven with pure tone bursts at their
characteristic frequencies (TBCF). As in the
auditory nerve, harmonic complex tones that
produce strong pitches at their fimdamentals
similarly produce many pitch-related interspike
intervals. Figure 6 shows the responses to a
single-formant vowel of three physiologicallycharacterized units (Fig. 6A to 6C) that are
representative of their respective populations.
Previous studies have identified the morphological cell-types that are associated with
different TBCF response patterns (Pfeiffer, 1966;
Rhode et al., 1983; Young, 1984). "Primary-like"
TBCF responses are produced by spherical cells
in the AVCN, sustained "chopper" responses to
high-frequency tone bursts are produced by
multipolar cells in the PVCN, whereas "pauser"
patterns consisting of an onset-pause-sustained
discharge pattern are produced by fusiform cells
in the dorsal division (DCN). Pdmarylike units,
as their name implies, have responses that are
name implies, have responses that are most
similar to those of primary sensory neurons
(auditory nerve fibers). The discharges of this
primarylike unit (Fig. 6A) exhibit stimulus-driven
periodicities that are associated with fimdamental
(12.5 ms) and formant frequency (multiples of

1.6 ms), as well as with intrinsic periodicities that
are associated with the characteristic frequency of
the unit (CF=400Hz; 1/CF=2.5ms). These
intrinsic periodicities ostensibly stem from
similar CF-related periodicities that are seen in
auditory nerve fibers, which are in turn produced
by the mechanics of the cochlea. Sustained
chopper responders are so named because they
fire very regularly ("chop") at their own
characteristic rate when driven by high-frequency
tone bursts. When these units are driven by
periodic harmonic stimuli, however, their
discharges almost invariably lock strongly to the
fundamental and only weakly to other stimulusperiodicities, if at all (Rhode, 1998). Pauser
responders manifest more complex TBCF
patterns that are the product of both intrinsic
membrane properties and local circuit action.
Whereas these units tend to respond more weakly
to periodic stimuli than do other cochlear nucleus
response types, their discharges nevertheless lock
to fundamentals to produce many pitch-related
intervals. A general rule of thumb for these
populations is that if a unit responds to a
haxmonic stimulus that is capable of producing a
strong low pitch, the unit will either produce
intervals that. are related to the fundamental
(extrinsic, stimulus-driven time structure) or to its
characteristic frequency (stimulus-triggered,
system-dependent intrinsic time structure). As
intervals related to the fundamental are common
to all units that are driven by a harmonic complex
tone, but those related to any given characteristic
frequency are not, it is all but inevitable that such
pitch-related intervals predominate in these
cochlear nucleus populations (for the same
reasons that such intervals predominate in the
auditory nerve). Thus, the population-interval
representations of pitch appear to be viable at the
level of the cochlear nucleus, as well as at the
auditory nerve.
From all accounts, as one ascends the auditory
pathway to auditory midbrain, thalamus, and
cortex, the presence of pitch-related interspikeinterval information becomes less apparent. One
possibility is that interspike interval information
is converted to a rate-based representation
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somewhere in the pathway. Units that are
differentially responsive to particular modulation
frequencies have been proposed as the basis of
such a time-to-place transformation (Langner,
1992), although whether such rate-based
representations are sufficiently precise or robust
to account adequately for pitch perception is not
yet clear.
Another possibility is that interspike interval
information persists, albeit in a sparser and more
distributed form, at still more central stations. The
same amount of interval information might well
be distributed more sparsely over progressively
greater numbers of neurons. Intervals bearing
periodicity-related information might be multi-
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plexed with other kinds of spike pattems bearing
information about location and context. These
factors would make interspike interval
information more difficult to detect using
standard spike train analysis techniques.
Still another possibility is that central stations
might simply use less interval information than is
available at more peripheral stations. A great
overabundance of interval-based information
exists in the auditory nerve, such that relatively
small numbers of intervals are sufficient to
account for the high precision of frequency
discrimination (Siebert, 1970). Indeed, this
overabundance has often been used to assert that
if auditory central processors were to make
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optimal use of this information, then human
frequency discrimination would be some 40 times
better than it is. The other side of this coin is that
even if most interval information were to be lost
or degraded in the ascending pathway, then
enough information would remain to account for
the observed precision of pitch discrimination.
Although stimulus-driven temporal structure
declines at higher stations, it is important not to
understate how much remains. Most studies thus
far have been conducted under general anesthesia,
but such agents generally reduce the upper
frequency limits of stimulus-driven neural
response periodicities by about one half (for
example, see Goldstein et al., 1959). In
unanesthetized animals, considerable phaselocking to 1-2 kHz tones is observed at the
thalamic level (de Ribaupierre, 1997). Likewise,
in the input layers of unanesthetized primary
auditory cortex, fundamental frequencies up to
400 Hz are reflected in the synchronized
responses of local ensembles of auditory neurons
(Steinschneider et al., 1998). First-spike latencies
for onsets of tone bursts at the level of the
primary auditory cortex have small variances on
the order of fractions of a millisecond that are
comparable to those seen at the auditory nerve
(Phillips, 1989; Heil, 1997), despite a
conspicuous lack of sustained phase-locking to
the pure tones themselves. Precise temporal
patterns, embedded in spike trains, occur in a
diversity of cortical locations (Abeles et al., 1993;
Lestienne & Tuckwell, 1998). Although the
evidence for and against time structure in the
cerebral cortex has a decidedly mixed character,
the data nevertheless suggest that the cortex may
be capable of preserving more fine timing
information than is commonly thought.

GENERAL IMPLICATIONS FOR
SENSORY CODING

Population-interval representations hold many
general implications for sensory coding. The
coding of pitch through the interspike interval

statistics of a population of neurons is a strong
example of a temporal pattern code in its purest
form, an example of a distributed temporal
population code that does not entail imemeural

synchrony.
The population-interval distribution differs
from both rate- and channel-based represemations
in two crucial ways: through the different nature
of their primitives, and through the qualitatively
different roles that channels play. Interspike
intervals are time intervals that describe temporal
relations between pairs of jointly occurring spike
Such time imervals constitute
events.
correlational, relational primitives. In comrast,
representations that are based on probabilities or
on rates of unitary spike evems coum numbers of
spike events over comiguous time windows. The
counting assumption, with its scalar signals, in
turn necessitates a whole host of assumptions
concerning the functional topology of neural
networks (Cariani, 1997). Second, in a
channel
population-interval
representation,
identities, which particular channels are activated
how much, are not essemial to the
representational function. In the auditory nerve, of
course, particular CF regions are preferemially
activated by stimulus components that are nearby
in frequency, and these regions will therefore
contribute relatively more of their stimulusrelated intervals to the global distribution. In this
way, the population-interval distribution reflects
the differential contributions of differem CF
regions. Once the intervals are combined,
however, the representation does not rely on the
particular channel-identities of the fibers to
encode frequency (because the imervals
themselves bear this information, and in a much
more precise and robust way). One could discard
all information concerning characteristic
frequency (or cochlear place) without affecting
the representation. In contrast, in a channel-based
neural represemation, such as a rate-place
frequency map, the identities of particular
channels
critical
for
are
absolutely
representational function. Consequently, stimulus
representations would be corrupted if the channelidentities were scrambled (if the "labels" on the
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"labeled lines" were switched). Thus, the
population-interval representation relies upon
how neurons in a population respond and which
intervals they produce, rather than upon which
particular neurons fire how much.
The basic informational constituents of rateplace and population-interval representations are
therefore very different, such that they complement each other, with neither representational
mode precluding the other. The same holds true
for representations based on relative response
latencies and neural synchronies: fine temporal
structure and relative latency patterns can all
coexist within the coarser-grained, tonotopically
ordered spatial patterns of activation. At the level
of the auditory nerve and cochlear nucleus, the
representation of periodicity pitch appears to
follow this pattern of fine temporal structure
within more coarsely tuned frequency channels.
Strong correspondences, population-interval
distributions, and their respective stimulus autocorrelation functions were manifest in the similar
patterns of major and minor peaks, with major
peaks corresponding to pitch and minor peaks to
timbres. Pitch judgments are relatively welldescribed by temporal autocorrelation models,
precisely because the neural, interval-based
representations subserving these judgments are
themselves autocorrelation-like. In retrospect, the
reasons for such similarities are fairly
straightforward, being direct consequences of the
stimulus-locked nature of auditory nerve fiber
discharges. In the cochlea, the acoustic stimulus
is, in effect, passed through a set of band-pass
filters, such that each auditory nerve fiber is
driven by a different set of frequency
components. If a signal is passed through an array
of overlapping frequency channels consisting of
linear band-pass filters, then a series of filtered
waveforms is produced. The sum of the channelautocorrelations of the filtered waveforms equals
the autocorrelation of the original, unfiltered
signal (Licklider, 1951) for the same formal
reasons that permit the linear superposition of
Fourier components in power spectra. In the
cochlea, each auditory nerve fiber produces
phase-locked discharges to components whose
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frequencies are closest to its own CF, and in
doing so, produces all-order imervals that are
correlated with the autocorrelations of those
components. The interval peak positions for
individual fibers consequently mirror those in the
stimulus autocorrelation (Fig. 4). In a linear
system, both peak positions and relative heights
would mirror those in the stimulus autocorrelation function. Whereas the populationinterval distributions presented in Fig. 3F show
similar peak positions, the relative peak heights
are noticeably different. Such differences are
created by nonlinear processes, such as firing rate
thresholds and saturations, that alter relative peak
heights without changing peak positions.
Representations of frequency that are based on
all-order interspike intervals are therefore
resistant to many kinds of intensity-dependent
nonlinearities. The functional implications of
nonlinear distortions in the cochlea thus depend
critically on the neural codes that the central
auditory system uses. The robustness of intervalbased representations, with respect to intensitydependent distortions, makes them ideal for
representing auditory forms.
More generally, it can be said that to the
extent that spike-arrival times are correlated with
a stimulus waveform, the intervals between
spikes will be correlated with the stimulus autocorrelation function. This relation will hold for
any sensory system whose receptors follow the
time courses of their effective stimuli. Such
phase-locking is seen for patterns of vibrations on
the skin (Morley et al., 1990; Motmtcastle, 1993)
and for changing luminance patterns as images
move relative to retinal arrays ( Reichardt, 1961;
Pollen et al., 1989; Bialek et al., 1991).
Autocorrelation-like sensory representations that
use all-order interspike intervals thus constitute
potential stimulus-coding strategies in such
modalities. Representations of visual form and
texture that are based on spatial autocorrelation
have been proposed (Uttal, 1975), but few
attempts have been made to use stimulus-driven,
fine spatiotemporal correlation structure for this
purpose (Reitboeck et al., 1988). Recent psychophysical evidence points to a strong role for such
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structure in the perception of visual forms (Lee &

Blake, 1999).
The means by which neural computational
architectures might make use of interspike
interval statistics of populations of neurons
largely remains to be explored. Different kinds of
codes naturally lead to different neural-processing
architectures. Channel-coding naturally leads to
connectionist networks, in which information is
represented through specific pattems of channel
activation and processed through networks, in which
specific connectivities determine functional roles. In
such systems, highly specific modification of
effective connectivity is the main mechanism by
which functional plasticity is achieved.
For the most part, when temporal structure has
been considered in functional terms; it has been
assumed that to use the information, temporal
patterns must be converted to channel-activation
patterns. Thus the first neural auditory
computation networks converted time-of-arrival
differences and temporal patterns into spatial
patterns of activations. Time-delay neural
architectures, consisting of tapped delay lines and
coincidence counters, were proposed for using
interaural time-of-arrival differences to localize
sounds by computing binaural cross-correlations
(Jeffress, 1948). The coincidence channels that
were maximally activated served to indicate the
relative time-of-arrival of sounds at the two ears
and hence, their location in the azimuthal plane.
Similarly, neural time-delay networks that used a
different arrangement of tapped delay lines and
coincidence counters were proposed for carrying out
neural autocorrelational analyses that spatialize
population-interval distributions for analysis
(Licklider, 1951; Lyon & Shamma, 1995). The
coincidence counters act as autocorrelating
periodicity-detectors that operate on all-order
intervals.

In general, systematic differences in arrival
times of external disturbances at different sensory
surfaces support neural representations for
external location based on stimulus-locked, timeof-arrival codes. Such differences naturally lend
themselves to analysis via temporal crosscorrelation operations (Carr, 1993). On the other

hand, characteristic temporal spike-pattems that
are generated at sensory surfaces through either
stimulus-locking or stimulus-triggered intrinsic
responses potentially support neural representations of stimulus-form. These characteristic
temporal patterns naturally lend themselves to
autocorrelational analyses. Early comprehensive
computational models for hearing (Licklider,
1959; Cherry, 1961) integrated both kinds of
correlational processes to represent both location
and form. How many auditory functions can be
subsumed under these two operations, and the
extent to which other sensory systems might
operate using similar principles, remains to be
seen.

In time-delay architectures, plasticity of

function is achieved by adjusting effective
connectivities to favor particular sets of timedelays (Licklider, 1959; Tank & Hopfield, 1987),
or by adjusting time delays to synchronize
particular sets of inputs (MacKay, 1962).
Changes in temporal response properties as a
result of conditioning have been observed in a
wide variety of systems (Morrell, 1967; Thatcher
& John, 1977; John & Schwartz, 1978; Singer,
1995). In principle, a neural assembly can be
formed that will respond preferentially to any
spatiotemporal pattern in its inputs by adjusting
the relative time delays and connection weights to
match those in the incoming pattern. Neural
delays can be created by any process that takes
time to unfold and be modified by any process
that alters response latency. Axonal and dendritic
transmission times, latencies of activation, and timecourses of neuronal recovery (Raymond, 1979;
Wasserman, 1992) potentially provide shifts in time
and sensitivities to time pattem that can become
control points for adaptive adjustment. Intraneural
delays can then be concatenated in multisynaptic,
recurrent, and/or re-entrant pathways to form still
longer delays. To the extent that timing is important
in a neural information processing system, such
alterations of temporal response properties provide
avenues by which modifications of struc.ture can
lead to modifications of function.
Finally, neural networks that carry out their
operations entirely within the time domain can be
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envisioned (Cariani, in press). Neural timing nets,
consisting of tapped delay lines and coincidence
detectors, analyze temporally-coded inputs to
produce temporally-coded outputs. Simple feedforward timing networks fimction as temporal
sieves that extract common periodicities in their
inputs, thereby finding similarities and
differences between them. A fundamental
advantage of these timing nets is that they operate
on interval statistics, obviating the necessity for
precise regulation of point-to-point connectivities.
Recurrent timing networks can be used to build
up periodic temporal patterns in their inputs and
to separate out repeating patterns that have
different periods. Combinations of feed-forward
and recurrent delay lines coupled with
coincidence and anticoincidence elements may
then provide general-purpose strategies for
detecting correlational, relational structure in the
world. Efforts to understand the combined
functional capabilities of temporal codes and
timing nets are presently in their early, formative
stages.
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Abstract: Physiological and psychophysical evidence for temporal coding of sensory qualities in different modalities is considered. A space of pulse codes is outlined that includes 1) channel-codes
(across-neural activation patterns), 2) temporal pattern codes (spike patterns), and 3) spike latency codes
(relative spike timings). Temporal codes are codes in which spike timings (rather than spike counts)
are critical to informational function. Stimulus-dependent temporal patterning of neural responses can
arise extrinsically or intrinsically: through stimulus-driven temporal correlations (phase-locking), response latencies, or characteristic timecourses of activation. Phase-locking is abundant in audition,
mechanoception, electroception, proprioception, and vision. In phase-locked systems, temporal differences between sensory surfaces can subserve representations of location, motion, and spatial form that
can be analyzed via temporal cross-correlation operations. To phase-locking limits, patterns of all-order
interspike intervals that are produced reflect stimulus autocorrelation functions that can subserve representations of form. Stimulus-dependent intrinsic temporal response structure is found in all sensory
systems. Characteristic temporal patterns that may encode stimulus qualities can be found in the chemical senses, the cutaneous senses, and some aspects of vision. In some modalities (audition, gustation,
color vision, mechanoception, nocioception), particular temporal patterns of electrical stimulation elicit
specific sensory qualities.
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1.

GENERAL CLASSES OF NEURAL
PULSE CODES

The neural coding problem in perception involves the
identification of the neural correlates of sensory distinctions [1–8]. Sensory information can be encoded in patterns of neurons that respond (channel codes) or in temporal relations between spikes (temporal codes). Temporal
codes can be further subdivided into time-of-arrival codes
that rely on relative spike timings across neurons and temporal pattern codes that rely on internal patterns of spikes
that are produced (Table 1). Here we review psychophysical and neurophysiological evidence that bears on temporal codes in perception.
Temporal codes utilize stimulus-dependent time
structure in neural responses. This time structure can
be produced either through phase-locking or intrinsic response characteristics. The simplest time-of-arrival code
compares spike arrival times between two neurons to convey the time difference between them, irrespective of the
temporal structure internal to each spike train. In contrast,

temporal pattern codes utilize this internal time structure
to convey information. Temporal pattern codes utilize interspike intervals [1, 8], interval sequences [9], and timecourses of discharge [10, 11] to convey information. Both
time-of-arrival and temporal pattern codes permit multiplexing of different kinds of information [10], though
time-division [12], frequency-division [13, 14] and codedivision [9] schemes. Some evidence for temporal coding
exists in virtually every sensory modality [1–5, 7, 15–18].
This review will concentrate on time-of-arrival and temporal pattern codes that arise from both phase-locked and
intrinsic temporal response properties of sensory systems.

2. TIME-OF-ARRIVAL CODES IN
PHASE-LOCKED SENSORY SYSTEMS
A highly robust cue for stimulus direction is the temporal pattern of activation that it produces across different sensory surfaces. In audition, mechanoception, and
electroception, there appear to be common mechanisms
that make use of this cue to translate temporal differences
into apparent location [3, 15, 16]. In all of these sys-
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Table 1 General types of neural codes.
Code class

Response properties

Neural representation/analysis

Channel

Stimulus-driven responses

Characteristic across-neuron activation patterns

Time-of-arrival

Stimulus-locked responses

Temporal crosscorrelation

Temporal pattern

Intrinsic responses

Characteristic latency-precedence relations

Stimulus-locked responses

Temporal autocorrelation
Within neurons (interspike interval patterns)
Across neurons (volley patterns)

Intrinsic responses

Characteristic temporal response pattern

tems, receptors phase-lock to their respective adequate
stimuli, such that the temporal structure of the stimulus is faithfully impressed on the timings of spikes produced by primary sensory neurons. By virtue of phaselocking, relative-times-of-arrival of a stimulus at different receptor sites are translated into relative spike latencies in their respective sensory pathways. These relative
spike timings are in turn analyzed via neural delay lines
and temporal coincidence detectors. This temporal crosscorrelation operation appears to be common neurocomputational strategy for many sensory systems across a wide
range of phyla.
A classic example is the localization of sounds in
the azimuthal plane by means of interaural time differences (ITD). Humans are able to use interaural time differences as small as 20–30 µ s to localize sounds. Wavefronts from sound sources not directly in front of an observer arrive at the two ears at different times. They subsequently produce phase-locked spikes in auditory nerve
fibers whose relative timings reflect the interaural time
differences. In the auditory brainstem, highly secure
synapses, tapped delay lines, and neural coincidence detectors in effect implement binaural cross-correlation operations that provide a readout of interaural time delays,
and consequently, of azimuth estimates [17,19,20]. Units
whose discharge rates reflect tuning to particular interaural delays [21] are found at higher stations in the ascending auditory pathway. Central representations of auditory space may also utilize location-dependent temporal response patterns [22] and/or population-latency profiles [23].
A strikingly similar situation can be found in
mechanoception, where relative temporal delays (> 1 ms)
of mechanical stimulation at different skin locations are
perceived as differences in apparent location [15]. As
in audition, perceived locations move toward the sensory surfaces that lead in time. Mechanoceptors phaselock to skin deformations and hair displacements, such
that their relative timings are impressed on the discharges
of neurons at many stations in the somatosensory path-
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way [24, 25]. That other sensory systems exhibit comparable behavior suggests that the brain may have a
generalized capacity to distinguish fine spike timings
(∼ 1 ms) [15].
In echolocation systems of bats and cetaceans, acoustic signals are emitted and their reflection patterns are observed. Time delays between emitted signals and their
echoes provide information about distances and shapes of
objects. In bats, relative times-of-arrival between spikes
produced by cries and echoes permit precise estimates of
target ranges and shapes that correspond to microsecond
time differences [26, 27].
Electroception involves another time-based active
sensing strategy [16, 28]. Weakly electric fish produce
sinusoidally-varying electrical fields around their bodies
that are deformed by the presence of nearby external objects. These deformations alter the relative phases of the
electric field at different body locations, which alter the
relative latencies of spikes produced in afferent electroceptive pathways. As in the binaural example, these pathways have highly secure, low jitter connections, delay
lines, and central coincidence detectors that permit extremely small time-of-arrival differences (here, < 1 µ s)
to be distinguished.
Visual receptor arrays can also be considered as collections of receptor surfaces. Phase-locking to temporal modulations of luminance produced by moving spatial patterns is ubiquitous in the visual systems of animals [29, 30]. As a consequence of phase-locking, temporal correlations between spikes produced in different
visual channels potentially provide a general neurocomputational basis for the representation of visual motion. In
the fly visual system, different spike timings in neighboring ommatids are used for detection of motion [7, 31, 32].
This temporal cross-correlation mechanism permits rapid
and precise motion from small numbers of incoming
spikes to inform flight course corrections in as little as
30 ms [7, 32].
Binocular vision involves cross-correlation of spatiotemporal patterns registered on the two retinas. Introduc-
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tion of systematic time delays between the outputs of the
two retinas can be produced by placing a neutral density
filter over one eye that attenuates luminance and increases
the spike latencies in that monocular pathway. When
a horizontally moving object is viewed under such circumstances, an illusion of depth, known as the Pulfrich
effect [3], is created by the internal temporal disparities
produced by the different spike latencies in the two pathways. Provided that at least some spikes are temporally
correlated with the movements of object edges across receptive fields [33], then a temporal cross-correlation operation can potentially handle binocular temporal disparities in a manner not unlike ITD processing in binaural
hearing.
On the motor side, muscle stretch and joint position receptors phase-lock to muscle movements [34],
while vestibular afferents phase-lock to head accelerations. These provide neural representation of the temporal
structure of actions: the relative timings of muscle activations and their consequences.

3. TEMPORAL PATTERN CODES IN
PHASE-LOCKED RECEPTOR SYSTEMS
To the extent that sensory receptors follow the time
structure of their adequate stimuli, that structure is impressed on the discharges of sensory neurons. As we have
seen above, comparisons of relative timings across receptors yields information about direction and movement of
the stimulus. Pitch, timbre, rhythm, flutter, and tactile texture are examples of sensory qualities that depend on the
internal time structure of the stimulus. Temporal patterns
of spikes produced by arrays of phase-locking receptors
reflect this internal structure and thus provide information
about the temporal form of the stimulus.
In the auditory system, functional roles for phaselocked neural timing information in both binaural localization and frequency representation have been well appreciated [6, 35, 36]. Phase-locking of auditory nerve
fibers to acoustic stimuli creates time intervals between
spikes (interspike intervals) that are directly related to
stimulus periodicities. Interval distributions consequently
contain spectral information up to the limits of phaselocking (5–10 kHz, depending on species and statistical
criterion). Interspike interval representations easily account for the high precision of pure tone frequency discrimination over a wide range of frequencies and sound
pressure levels, and for its decline as phase-locking weakens at higher frequencies [7, 35, 37]. Interestingly, minimal human Weber fractions for frequency (0.2% for
1 kHz pure tones = 20 µ s difference in period) are comparable to minimal discriminable ITD differences in binaural localization (∼ 20 µ s).

The pitches of complex tones also appear to be explicable in terms of interspike intervals. Harmonic complex tones produce pitches at their fundamentals, even
in the absence of any spectral energy at the fundamental itself (“the pitch of the missing fundamental”). Many
different kinds of stimuli with very different spectral energy distributions can produce the same low, “periodicity”
pitches [35, 38, 39]. The most comprehensive and successful neurally-based theories of pitch compute temporal
autocorrelations using all-order interspike intervals (i.e.
between both consecutive and nonconsecutive spikes).
J.C.R. Licklider in 1951 outlined a time-delay neural network that operated on phase-locked auditory nerve responses to perform an autocorrelation analysis of interspike intervals in each frequency channel [40]. Three
decades later related temporal models for pitch were proposed that summed together interspike intervals across
the auditory nerve [35, 39]. These population-based temporal pitch models have been tested in computer simulations [41] and in neurophysiological studies [8, 42, 43].
The major finding of these studies has been that
the most common interval present in the auditory nerve
at any given time almost invariably corresponds to the
pitch that is heard (the few exceptions involve octave
shifts). The fraction of pitch-related intervals amongst
all others qualitatively corresponds to the strength of the
pitch that is heard. Such purely temporal, populationinterval representations also account for a number of
complex and subtle pitch phenomena: pitches of complexes with “missing fundamentals”, pitch equivalence
classes (metamery), relative invariance of pitch and pitch
salience with sound pressure level, pitches of stimuli having psychophysically-unresolved harmonics, the “nonspectral” pitches of amplitude modulated noise, as well
as complex patterns of pitch shift that are heard for inharmonic stimuli. Temporal correlates of many of these
effects are also seen in single neuron responses [44] and
in human frequency-following responses (FFR) produced
by the auditory midbrain [45].
These population-wide distributions of all-order interspike intervals form general-purpose temporal representations that resemble stimulus autocorrelation functions [8], which can serve as time-domain representations
of stimulus spectrum. Purely temporal representations of
spectral shape and vowel quality are therefore also possible. Auditory nerve fibers phase-lock to frequency components in formant regions, producing related intervals
whose respective numbers depend on component intensities. Population-wide interval distributions represent
formant patterns through distributions of short intervals
(< 4 ms) that are characteristic of the different vowels that
produced them [5, 39, 46, 47],
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The somatosensory analogue of auditory pitch is the
sense of flutter-vibration [3, 15, 24] Discrimination of vibration rates of up to 1 kHz is based on interspike intervals produced through phase-locking of cutaneous afferents [25]. As in audition, complex tactile textures produce
spectrally-richer temporal patterns of spikes [48, 49].
Thus, in those sensory systems where spikes are
locked to stimulus transients and ongoing periodicities,
direct temporal representation of the form of the stimulus is possible. Visual form could potentially be encoded
through time intervals between phase-locked spikes produced at different retinal locations. Recent demonstrations that visual forms can be created through short-term
spatiotemporal motion correlations that contain no longterm spatial structure suggest some role for temporal correlation structure in perception of visual forms [50].
The eyes are in constant motion, drifting even during fixation, and many central visual neurons discharge
with precise latency when contrast gradients (edges) cross
their receptive fields [33]. Highest observed precisions
of stimulus-driven spike timings in visual systems range
from hundreds of microseconds to a few milliseconds [7,
32, 51, 52]. As in many other sensory systems, perceptual discriminations that seen in visual psychophysical
tasks are much finer than those permitted by the relatively coarse spatial resolutions of individual receptive
fields (“hyperacuity”) [3, 7]. However, if the visual system were able to make use of fine spike timing, then these
observed spike precisions of 1 millisecond would account
for its acuity [53].
Spatial frequency is the visual analogue of acoustic frequency, with sinusoidally modulated gratings being the visual analogues of pure tones. Phase-locking to
visual flickers of 50–100 Hz and higher in early stages
of visual processing is not uncommon. When such gratings are drifted across receptive fields at constant velocities, their temporal frequency at any given point simply
reflects their spatial frequency. Spike timings, as analyzed through post-stimulus time (PST), period, and allorder interval histograms (Fig. 1B), faithfully replicate
the temporal structure of the drifting image. As in audition, temporal frequency can thus be accurately estimated from interspike interval statistics. From the distributions in Fig. 1, temporal modulation frequencies of 16
and 32 Hz were estimated to within 1–2% using smoothed
peak picking and to 0.1 Hz using best cosine fit. As for
harmonic complexes in audition, there is also a “missing”
fundamental phenomenon in spatial vision [54] that may
be explicable in terms of (spatial) autocorrelations.
Spatial autocorrelation models account for many aspects of visual shape and texture perception [55–57].
Neural autocorrelation mechanisms based on station-
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ary spatial activation patterns [55] and on neural synchronies [56, 57] have been proposed. The latter, spatiotemporal mechanisms move towards a theory of visual
form that is based on stimulus-driven, temporally correlated spatial structure.

4.

INTRINSIC TEMPORAL PATTERNS FOR
ENCODING SENSORY QUALITY

Some sensory qualities, such as distinctions of smell,
taste, pain, color, and temperature do not have natural
correlates in the internal structure of stimulus waveforms.
In sensory systems that subserve such distinctions, there
may nevertheless be intrinsic, temporal patterns of neural response that are stimulus-dependent. All sensory receptors and neural populations have impulse- and stepresponse patterns that reflect timecourses of underlying
biophysical, biochemical, and neural processes. Classic
examples of such intrinsic response patterns are the different types of tone burst responses (chopping, pausing,
buildup, onset) that are seen in the cochlear nucleus.
Early lateral inhibitory interactions also set up temporal precedence relations that can create different relative response latencies for different stimuli. Such acrossneuron latency patterns can convey information concerning stimulus quality and intensity [2, 58, 59]. Latency differences can be further magnified by feedforward lateral
inhibition [60].
The most striking evidence for temporal coding in
the chemical senses is found in the gustatory system.
In primary gustatory neurons of the rat, neural responses exhibit tastant-specific temporal discharge patterns (Fig. 2C) [61,62]. Electrical stimulation of other rats
using recorded temporal response patterns elicit orofacial
expressions and behaviors that would normally be associated with the respective tastant. When these recorded,
naturally-generated temporal patterns used for stimulation are scrambled, or isochronous pulse trains with the
same pulse rates are used, no corresponding orofacial expressions and behaviors are produced.
In olfaction, odorant-related time patterns of neural response have been observed in a wide variety of
systems [63–67] Historically, efforts to find temporal
pattern primitives for smell have been confounded by
concentration-dependent changes in temporal response
patterns [68] and complex history-dependencies. However, phase-locking to air-intake (sniffing) cycles [69]
and emergent synchronized oscillations may provide
population-based reference times for latency-pattern [65,
66] and latency-offset codes [70, 71]. Artificial chemical recognition devices that analyze intrinsic temporal response patterns of optical chemosensors have been developed that outperform analyses based on averaged across-
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Fig. 1 Extrinsic and intrinsic temporal response patterns. A. Phase-locked responses in six auditory nerve fibers in Dialanesthetized cat. Plot shows stimulus waveform and post-stimulus time histograms arranged by characteristic frequency
(CF) for 100 presentations at 60 dB SPL. B. Phase-locked responses of a typical lateral geniculate parvo cell in anesthetized
macaque to 16 and 32 Hz sinusoidal temporal modulations of luminance [83]. Period histograms and all-order interval
(autocorrelation) histograms for 25 s of response. Stimulus waveform and autocorrelation have been superimposed (phasematched). C. Intrinsic response timecourses in the gustatory system to four tastants of different classes: 0.1M NaCl (salty),
0.1M quinine (bitter), 0.1M HCl (sour), 0.5M sucrose (sweet). Waveforms are typical whole-nerve responses recorded from
chorda tympani of decerebrate rats (reproduced w. permission) [61]. D. Achromatic temporal patterns that produce subjective colors. Left. Rotating patterns of Helmholtz and Benham. Right: Glow tube luminance patterns and their subjective
colors (redrawn) [75].
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sensor activation patterns [72].
Intrinsic temporal patterns of neural response potentially encode a number of visual attributes: texture, contrast, pattern, and color. Different patterns of visual stimulation produce different intrinsic time patterns of neural
response [10, 13, 14, 73, 74].
Notable are color percepts evoked by temporal flicker.
The best known demonstration of these “subjective”,
“achromatic” “Fechner colors” is the Benham Top (panel
D), which generates temporal sequences of changing luminances and edges that correspond to particular colors [75–77]. Glow tubes have also been used to characterize the time patterns that elicit various colors [75].
Related temporal patterns of electrical stimulation of the
retina produce correspondingly colored phosphenes [78].
One interpretation is that both temporally-patterned
flicker and electrical stimulation extrinsically drive retinal
elements to produce temporal discharge patterns that are
subsequently interpreted as color signals by central visual
stations. These imposed temporal patterns are presumably similar to intrinsic ones that would normally be generated by wavelength-dependent responses in the retina.
Wavelength-dependent interspike interval patterns [79]
latency patterns, and characteristic time courses of response [10, 14, 73] are seen in different visual systems,
although their relation to subjective colors is not clear.
Historically there has been a longstanding debate
over whether cutaneous sensations such as pain, touch,
warmth, and cold are encoded via labeled lines (neural specificity models) or via pattern codes (channeltemporal-patterns). Interval sequence patterns have been
found in thalamic units whose presence coincides with
behavioral signs of pain, and whose disruption by means
of appropriately patterned electrical stimulation appears
to provide analgesia [9].

5.

PERCEPTS EVOKED BY
TEMPORALLY-PATTERNED
ELECTRICAL STIMULI

The ability of a specific temporal pattern of electrical stimulation to evoke a particular sensory quality is
strongly suggestive of an underlying temporal code. In
a number of cases, temporally-patterned electrical stimuli
produce taste [61, 62], color [78], and pain percepts [9],
while randomly patterned electrical stimulation controls
do not. Since electrical stimulation with gross electrodes
nonspecifically drives large ensembles of neurons in the
same way, it is difficult to attribute the effect to activation
of particular neuronal types.
In phase-locked systems, periodic electrical stimuli
produce qualities related to stimulus frequency. Periodic
stimulation of the skin evokes sensations akin to flutter-
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vibration [25]. Electrical stimulation of the cochlea produces distinguishable pitch percepts up to roughly 500–
1,000 Hz. Although auditory nerve fibers phase lock
well to electrical stimuli of much higher frequencies, the
highly abnormal interval patterns that are produced for
periodicities above 600 Hz may explain their poor discrimination [80]. The impressive effectiveness of present
day cochlear implants in restoring speech reception may
be due to the critical role that lower-frequency temporal
patterns (< 200 Hz) play in the speech code itself [81,82].

6.

CONCLUSIONS

Stimulus-dependent temporal response structure is
found in an astonishingly wide range of sensory systems. Phase-locked responses permit time differences of
response to be used as cues for stimulus location that can
be analyzed using neural temporal cross-correlation architectures. Phase-locking impresses stimulus time structure on neural responses, providing interval-based representations of the stimulus form that can be analyzed
through neural temporal autocorrelation architectures. Intrinsic temporal response patterns produce temporal cues
for stimulus properties. Psychoneural correspondences
between perceptual qualities and temporal response patterns produced by natural and electrical stimuli suggest
that temporal codes may subserve many more perceptual
functions than is commonly believed.
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Abstract
Temporal codes and neural temporal processing architectures
(neural timing nets) that potentially subserve perception of
pitch and rhythm are discussed. We address 1) properties of
neural interspike interval representations that may underlie
basic aspects of musical tonality (e.g., octave similarities), 2)
implementation of pattern-similarity comparisons between
interval representations using feedforward timing nets, and
3) representation of rhythmic patterns in recurrent timing
nets.
Computer simulated interval-patterns produced by harmonic complex tones whose fundamentals are related
through simple ratios showed higher correlations than for
more complex ratios. Similarities between interval-patterns
produced by notes and chords resemble similarityjudgements made by human listeners in probe tone studies.
Feedforward timing nets extract common temporal patterns from their inputs, so as to extract common pitch irrespective of timbre and vice versa. Recurrent timing nets build
up complex temporal expectations over time through repetition, providing a means of representing rhythmic patterns.
They constitute alternatives to oscillators and clocks, with
which they share many common functional properties.

Introduction
Music entails the temporal patterning of sound for pleasure.
As such, it involves the generation of simple and complex
temporal patterns and expectancies over many different time
scales. Music engages both the texture of auditory qualities
and the general time sense. On the shortest, millisecond time
scales, periodic acoustic patterns evoke qualities of pitch and
timbre, while longer patterns create rhythms and larger
musical structures. How neural mechanisms in the brain subserve these perceptual qualities and cognitive structures are

questions whose answers are not currently known with any
degree of clarity or precision.
Music most directly engages the auditory sense. Not
surprisingly, theories of music perception have developed
alongside theories of auditory function, which in turn have
paralleled more general conceptions of informational processes in the brain (Boring, 1942). Following Fourier, Ohm,
and Helmholtz, the historically dominant view of auditory
function has seen the auditory system as a running spectral
analyzer. In this view, sounds are first parsed into their
component frequencies by the differential filtering action of
the cochlea. Filter outputs become the perceptual atoms for
“central spectrum” representations, which are subsequently
analyzed by central processors. In this view, neural processors that recognize harmonic patterns infer pitch, those that
analyze spectral envelopes and temporal onset dynamics represent timbre, and those that handle longer, coarser temporal
patterns subserve the representation of rhythm. These diverse
perceptual properties are then thought to be organized into
higher-order conceptual structures (images, streams, objects,
schema) by subsequent cognitive processors.
An alternative view of auditory function sees time and
temporal pattern as primary. While there is no doubt that the
cochlea is a frequency-tuned structure, there are yet many
unresolved questions as to how the brain uses patterns of
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cochlear and neural response to form auditory and musical
percepts. A temporal-pattern theory of audition looks to temporal patterns of spikes within and across neural channels
rather than spatial activation patterns amongst them. There
have always existed such temporal alternatives to the frequency view: Seebeck’s early acoustic demonstrations of the
perceptual importance of a waveform’s repetition period (de
Boer, 1976), Rutherford’s “telephone theory” of neural
coding (Boring, 1942), the frequency-resonance theory of
Troland (Troland, 1929a; Troland, 1929b), Wever’s volley
theory (Wever, 1949), Schouten’s residue theory (Schouten,
Ritsma, & Cardozo, 1962), Licklider’s temporal autocorrelation model (Licklider, 1951; Licklider, 1956; Licklider,
1959), and many subsequent temporal theories of the neural
coding of pitch (Cariani, 1999; Goldstein & Srulovicz, 1977;
Lyon & Shamma, 1996; Meddis & O’Mard, 1997; Moore,
1997b; van Noorden, 1982). The main advantages of a temporal theory of hearing stem from the precise and robust
character of temporal patterns of neural discharge. The
behavior of interspike interval representations based on such
discharge patterns parallels the precision and robustness of
perceived auditory forms. Pitch discrimination, for example,
remains precise (jnd’s under 1%) over an extremely wide
range of sound pressure levels (>80 dB) despite great
changes that are seen in patterns of neural activation over
that range. Accounting for the stability of percepts and perceptual functions over such ranges is a central problem in
auditory theory that interval codes readily solve.
For music perception, a temporal theory of hearing
also holds the possibility of explaining tonal and rhythmic
relations in terms of the neural codes that are used to represent sound. The Pythagoreans discovered the perceptual
importance of small integer ratios between frequencies (as
observed through monochord lengths): the octave (2 : 1), the
fifth (3 : 2), the fourth (4 : 3), major third (5 : 4) and the minor
third (6 : 5). The subsequent development of the science of
acoustics, running through Euclid, Galileo, Descartes,
Huygens, Mersenne, Leibnitz, Euler, Rameau, D’Alembert,
Saveur, Helmholtz, Mach, and many others, gradually connected these ratios with temporal vibration patterns and eventually to spatiotemporal patterns of cochlear activity (Hunt,
1978; Leman & Schneider, 1997; Mach, 1898). Existence
of these special tonal relationships, which are embodied in
just intonation, have always caused some music theorists to
suspect that musical intervals might be rooted in innate psychological structures (DeWitt & Crowder, 1987; Hindemith,
1945; Longuet-Higgins, 1987; Schneider, 1997). Other
music theorists have dismissed any special psychological
role for simple ratios, in some cases on the grounds that there
is no physiological basis for them in the auditory system
(Mach, 1898; Parncutt, 1989). Parallel hypotheses concerning an innate neuropsychological basis for rhythmic patterns
formed from simple meter ratios arise in both rhythm
perception (Clarke, 1999; Epstein, 1995; Handel, 1989;
Longuet-Higgins, 1987) and production (Essens & Povel,
1985; Jones, 1987).

Similarities between repeating temporal patterns whose
periods are related by simple ratios are most easily appreciated in time domain representations, such as waveforms and
autocorrelations. Repeating temporal patterns have inherent
harmonic structure to them: patterns related by simple ratios
contain common subpatterns that potentially explain the
Pythagorean observations. Waveform temporal similarities
are obvious, but it is entirely another step to hypothesize that
the brain itself uses a time code that replicates the temporal
structure of sounds. For this reason only a few attempts have
been made to explicitly ground these tonal and rhythmic relations in terms of underlying temporal microstructures and
neural temporal codes. A comprehensive history of the development of temporal codes and temporal microstructure in
music remains to be written. It has been pointed out by an
anonymous reviewer that a microtemporal basis for pitch has
been proposed several times in the past, among them by the
physicist Christiaan Huygens (1629–95), the Gestaltist Felix
Krüger (1874–1948) and the composer and music theorist
Horst-Peter Hesse (1935–present). In the field of auditory
physiology, the possibility that the auditory system uses
temporal pattern codes for the representation of pitch was
suggested in the 1920’s by L.T. Troland (Troland, 1929a;
Troland, 1929b). Temporal theories of pitch were lent
physiological plausibility with the work of Wever and Bray
(Boring, 1942; Wever, 1949) and were lent renewed psychoacoustical plausibility with the experiments of Schouten
and de Boer (de Boer, 1976). Subsequent systematic studies
(Evans, 1978; Kiang, Watanabe, Thomas, & Clark, 1965;
Rose, 1980) provided detailed neurophysiological grounding
for later quantitative decisiontheoretic models of pure
tone pitch discrimination (Delgutte, 1996; Goldstein &
Srulovicz, 1977; Siebert, 1968). Unfortunately, these models
rarely addressed issues, such as octave similarity, that are
most relevant to the perceptual structure of pitch in musical
contexts.
Perhaps the earliest explicit connection between frequency ratios and neural discharge patterns was made by
J.C.R. Licklider. His “duplex” time-delay neural network
(Licklider, 1951, 1956, 1959) operated on temporal discharge patterns of auditory nerve fibers to form a temporal
autocorrelation representation of the stimulus. His early neurocomputational model explained a wide range of pure and
complex tone pitch phenomena. Licklider (1951) states that
“The octave relation, the musical third, fourth, and other consonant intervals are understandable on essentially the same
[autocorrelational, neurocomputational] basis. When the frequencies of two sounds, either sinusoidal or complex, bear
to each other the ratio of two small integers, their autocorrelation functions have common peaks” (p. 131).
Inspired by Licklider’s theory, Boomsliter and Creel proposed their “long pattern hypothesis” for pitch, harmony, and
rhythm (Boomsliter & Creel, 1962). Their harmony wheel
graphically showed the temporal similarities that exist
between periodic patterns related by simple ratios. They
examined temporal patterns underlying musical harmony and
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rhythm and postulated that the brain might process musical
sounds using Licklider-style time-delay neural networks
operating on different time scales.
Other auditory neurophysiologists and theorists also proposed that tonal relations and musical consonance might be
grounded in the temporal firing patterns of auditory nerve
fibers. The neurophysiologist Jerzy Rose, who did much
seminal work on the temporal discharge patterns of auditory
nerve fibers, stated that “If cadence of discharges were relevant to tone perception, one could infer that the less regular
the cadence, the harsher and or rougher or more dissonant
the sensory experience. If this were true, the neural data
would predict a relation between consonance and frequency
ratio because, in response to a complex periodic sound, the
smaller the numbers in the frequency ratio the more regular
is the discharge cadence. Therefore our neural data can be
taken to support a frequency-ratio theory of consonance.”
(Rose, 1980, p. 31). On the basis of similar auditory nerve
interspike interval data (Ohgushi, 1983) argued for an interspike interval basis for octave similarity. Ohgushi and others
(McKinney, 1999) have also sought to explain subtle deviations from exact octave matches, the “octave stretch”, in
terms of interspike intervals. Roy Patterson proposed a
spiral, autocorrelation-like representation based on temporal
patterns of discharge that generates similar patterns when
periodicities are related through small integer ratios
(Patterson, 1986). This structure parallels the frequencyspiral of (Jones & Hahn, 1986). Patterson drew out a number
of implications of such temporal pattern relations for
musical tonality and consonance. W.D. Keidel has proposed
a physiological basis for harmony in music through analysis
of temporally-coded auditory signals by central neural
“clock-cell” networks (Keidel, 1992; Schneider, 1997;
Schneider, 2001, in press).
Over the last two decades temporal theories of pitch have
evolved to incorporate population-wide interspike interval
distributions, not only as specialized representations for
pitch (Moore, 1997b; van Noorden, 1982), but also as more
general-purpose neural representations for other auditory
qualities (Cariani, 1999; Meddis & O’Mard, 1997). The
implications of these global interspike interval representations for music perception are beginning to be explored.
Recently Leman and Carreras (Leman, 1999; Leman &
Carreras, 1997) have analyzed tonal-contextual relations
between chords in a Bach piece using a perceptual module
that employed a running population interval representation
and a cognitive module that consisted of a Kohonen network.
The neural network generates a self-organizing map of
pattern similarities between the interval-based representations of the different chords, i.e., a map of chord-chord
similarity relations. Their measure of similarity, the Euclidean distance in the computed map, corresponded well with
related similarity judgments in human listeners (Krumhansl,
1990). More recent implementations using a spatial echoic
memory (Leman, 2000) have achieved similar results
without the use of a training phase.
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A major problem for temporal theories of pitch has always
been the nature of the central neural processors that analyze
temporally-coded information. Licklider’s time-delay architecture is ingenious, but such neural elements, whose action
would resemble temporal autocorrelators, have not been
observed at any level of the system. Pitch detectors at the
level of the auditory cortex have been sought, but not found
(Schwarz & Tomlinson, 1990). Time-to-place transformations could be carried out by means of modulation-tuned
units that have been observed at every major station in the
auditory pathway (Langner, 1992). This is the best neurallygrounded account that we currently have, but unfortunately
many of the properties of the resulting central representations
are highly at variance with the psychophysics of pitch. These
problems are discussed more fully in later sections. This
leaves auditory theory without a satisfactory central neural
mechanism that explains the precision and robustness of
pitch discriminations.
As a consequence of the difficulties inherent in a time-toplace transformation, we have been searching for alternative
means by which temporally-coded information might be used
by the central auditory system. Recently we have proposed a
new kind of neural network, the timing net, that avoids a
time-to-place transformation by keeping pitch-related information in the time-domain (Cariani, 2001a). Such nets
operate on temporally-coded inputs to produce temporallycoded outputs that bear meaningful information. In this
paper, we discuss two areas where temporal codes and neural
temporal processing may be relevant to music perception.
These involve primitive tonal relations and rhythmic
expectancies.
It is possible that many basic tonal relationships are due to
the harmonic structure inherent in interspike interval codes.
As Licklider (1951) pointed out above, complex tones whose
fundamentals are an octave apart (2 : 1) produce many of the
same interspike intervals. Other simple frequency ratios, such
as the fifth (3 : 2), the fourth (4 : 3), and the major third (5 : 4),
also produce intervals in common, the proportion declining
as the integers increase. A similarity metric that is based on
relative proportions of common intervals thus favors octaves
and other simple ratios. Feedforward timing nets extract those
intervals that are common across their inputs. In doing so,
they carry out neurocomputations for comparing populationwide interspike interval distributions thereby implementing
perceptual measures of pattern-similarity. This approach
parallels that of Leman and Carreras, except that here the
pattern-similarities come directly out of the operation of the
neural processing network, without need for prior training or
weight adjustments.
In addition to tonal relations, music also plays on the temporal structure of events by building up temporal expectations and violating them in different ways and to different
degrees (Epstein, 1995; Jones, 1976; Meyer, 1956). Composers and performers alike use repetition to build up expectations and then use deviations from expected pattern and
event timings (“expressive timing”) to emphasize both
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change and invariance. A very obvious place where strong
temporal expectations are created is in the perception of
rhythm (Clynes & Walker, 1982; Fraisse, 1978; Jones, 1978;
Large, 1994). In the last section of the paper we show how
simple recurrent timing nets can build up complex patterns
of temporal expectancies on the basis of what has preceded.
Such networks may provide basic mechanisms by which
auditory images are formed as a stimulus and its associated
neural responses unfold through time. They embody simple
mechanisms that operate on temporal patterns in their inputs
to build up rhythmic expectations which can then be either
confirmed or violated. Recurrent time delay networks provide an alternative to temporal processing based on clocks
and oscillators.
Our intent in this paper is exploratory rather than systematic, to show some of the potential implications that
temporal codes and timing nets might hold for perception
of tonal and rhythmic structure in music.

Temporal coding of auditory forms
Temporal codes are neural pulse codes in which relative
timings of spikes convey information. In a temporal code, it
is temporal patterns between spikes (how neurons fire) that
matter rather than spatial patterns of neural activation (which
neurons fire most). Temporal coding of sensory information
is possible wherever there is some correlation between
stimulus waveform and probability of discharge. Such correlation can be produced by receptors that follow some aspect
of the stimulus waveform (e.g., phase-locking), such that the
stimulus ultimately impresses its time structure on that of
neural discharges. Temporal coding is also possible when
there are stimulus-dependent intrinsic temporal response patterns (e.g., characteristic response timecourses or impulse
responses). In virtually every sensory modality there is some
aspect of sensory quality whose perception may plausibly be
subserved by temporal codes (Cariani, 1995; Cariani, 2001c;
Keidel, 1984; Perkell & Bullock, 1968; Rieke, Warland, de
Ruyter van Steveninck, & Bialek, 1997).
Stimulus-driven time structure is especially evident in the
auditory system, where a great deal of psychophysical and
neurophysiological evidence suggests that such timing information subserves the representation of auditory qualities
important for music: pitch, timbre, and rhythm. Of these, a
direct temporal code for rhythm is most obvious, since large
numbers of neurons at every stage of auditory processing
reliably produce waveform-locked discharges in response to
each pulse-event.
Population-interval distributions as
auditory representations
An account of the neural coding of the pitch of individual
musical notes is fundamental to understanding their concurrent and sequential interactions, the vertical and hori-

zontal dimensions of music that contain harmony and
melody. To a first approximation, most musical notes are
harmonic tone complexes that produce low pitches at their
fundamental frequencies. Music theory almost invariably
takes the pitch classes of notes as primitive attributes,
bypassing the difficult questions of their neural basis. When
such foundational issues are addressed within music theory
contexts, they are conventionally explained in terms of
spectral pattern models, e.g., (Bharucha, 1999; Cohen,
Grossberg, & Wyse, 1994; Goldstein, 1973; Parncutt, 1989;
Terhardt, 1973).
Spectral pattern theories of pitch assume that precise
information about the frequencies of partials is available
through prior formation of a “central spectrum” representation. The periodicity of the fundamental, its pitch, is then
inferred from harmonic patterns amongst the frequencies of
resolved partials. From a neurophysiological perspective, the
broadly-tuned nature of neural responses at moderate to high
sound pressure levels makes precise spectral pattern analyses based on neural discharge rate profiles across auditory
frequency maps highly problematic. In contrast, temporal
models of pitch rely on interspike interval information that
is precise, largely invariant with respect to level, and found
in abundance in early auditory processing.
The two aspects of neural response, cochlear place and
time, can be seen in Figure 1. The acoustic stimulus is a
synthetic vowel whose fundamental frequency (F0) is 80 Hz.
Its waveform, power spectrum, and autocorrelation function
are respectively shown in panels A, C, and D. Spike trains
of single auditory nerve fibers of anesthetized cats were
recorded in response to 100 presentations of the stimulus at
a moderate sound pressure level (60 dB SPL) (Cariani &
Delgutte, 1996a). The “neurogram” (B) shows the poststimulus time (PST) histograms of roughly 50 auditory nerve
fibers. These histograms plot the probability of occurrence of
spikes at different times after the stimulus onset. The most
striking feature of the neurogram is the widespread nature of
the temporal discharge patterns that are associated with the
periodicity of the fundamental. Even fibers whose characteristic frequencies are well above the formant frequency of
640 Hz, around which virtually all of the spectral energy of
the stimulus lies, nevertheless convey pitch information. The
widespread character of temporal patterns across cochlear
frequency territories is a consequence of the broad nature of
the low-frequency tails of tuning curves (Kiang et al., 1965).
The profile of average driven discharge rates are shown in
panel D. The driven rate is the firing rate of a fiber under
acoustical stimulation minus its spontaneous discharge rate
in quiet. In order to initiate a spectral pattern analysis for estimating the pitch of this vowel, a rate-place representation
would have to resolve the individual partials of the stimulus
(the harmonics in panel C, which are plotted on the same
log-frequency scale as D). In practice, discharge rates of
cat auditory nerve fibers provide very poor resolution of the
individual harmonics of complex tones, even at very low
harmonic numbers. Thus, while there is a coarse tonotopic
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Fig. 1. Temporal coding of musical pitch in the auditory nerve.
Auditory nerve responses to a harmonic complex tone with a single
formant. (a) Stimulus waveform. A strong, low voice pitch is heard
at the fundamental (F0 = 80 Hz, pitch period (double arrow) 1/F0 =
12.5 ms). (b) Peristimulus time histograms of cat auditory nerve
fibers (100 presentations at 60 dB SPL). Histogram baselines indicate fiber characteristic frequencies (CF’s). (c) Stimulus power spectrum. (d) Stimulus autocorrelation function. (e) Rate-place profile,
driven rates as a function of CF. (f) Population-interval distribution
formed by summing all-order intervals from all fibers. For further
details, see Cariani (1999).

pattern of activity present if one orders the fibers by their
characteristic frequencies (cochlear place), this organization
is not precise enough to subserve the pitch of complex tones.
In contrast, interspike interval information from even a
handful of auditory nerve fibers is sufficient to yield reasonably accurate estimates of the fundamental. Pooling interval
information from many fibers integrates information from all
frequency regions and yields still more precise representations. The population-interval distribution (F) of the ensemble of fibers is formed by pooling all of the interspike
intervals from the spike trains produced by the individual
fibers. These interspike intervals include time intervals
between successive and nonsuccessive spikes, i.e., both
“first-order” and “higher-order” intervals are pooled together
to form “all-order” interval distributions. Making histograms
of all-order intervals is formally equivalent to computing the
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autocorrelation of a spike train. The population interval histogram (F) shows a very clear peak that corresponds to the
fundamental period. For harmonic complexes such as this,
the voice pitch that is heard would be matched to a pure tone
with the same period, i.e., the pitch is heard at the fundamental frequency. Because of cochlear filtering and phaselocking, the form of the population-interval distribution (F)
resembles that of the stimulus autocorrelation function (D)
(Cariani, 1999). On the basis of such histograms that contain
on the order of 5000 intervals, the fundamental period for
such a harmonic tone complex can be reliably estimated, with
a standard error of less than 1% (Cariani & Delgutte, 1996a).
Many other detailed correspondences between patterns
of human pitch judgment and these global all-order interval
statistics of populations of auditory nerve fibers have been
found in models, simulations and neurophysiological studies
(Cariani, 1999; Cariani & Delgutte, 1996a; Cariani &
Delgutte, 1996b; Lyon & Shamma, 1996; Meddis & Hewitt,
1991a; Meddis & Hewitt, 1991b; Meddis & O’Mard, 1997;
Slaney & Lyon, 1993). Features of population-interval distributions closely parallel human pitch judgments: the pattern
of the most frequent all-order intervals present corresponds
to the pitch that is heard, and the fraction of this interval
amongst all others corresponds to its strength (salience).
Regular patterns of major interval peaks in populationinterval distributions encode pitch, and the relative heights
of these peaks encode its strength. Many seemingly-complex
pitch-related phenomena are readily explained in terms of
these population-interval distributions: pitch of the missing
fundamental, pitch equivalence (metamery), relative phase
and level invariance, nonspectral pitch, pitch shift of inharmonic tones, and the dominance region.
Intervals produced by auditory nerve fibers can be either
associated with individual partials or with the complex waveforms that are created by interactions of partials. The first
situation dominates at low frequencies, when there is strong
phase-locking to the partials (<2 kHz), and for low harmonic
numbers, when there is proportionally wider separation
between partials. This is the case that is most relevant to
musical tones. Here intervals are produced at the partial’s
period and its multiples, i.e., intervals at periods of its subharmonics. Since all harmonically-related partials produce
intervals associated with common subharmonics, at the fundamental and its subharmonics, the most common interspike
intervals produced by an ensemble of harmonics will always
be those associated with the fundamental (Cariani, 1999;
Rose, 1980). Interval distributions produced by harmonic
complex tones thus reflect both the overtone series (patterns
of partials present in the acoustic waveform) and the undertone series (patterns of longer intervals present in interspike
interval distributions). Finding patterns of most frequent
intervals in population-interval distributions then is a timedomain analog to Terhardt’s frequency-domain strategy of
finding common subharmonics (undertones) amongst the
partials. Here, the undertone series is directly present in
patterns of longer intervals.
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In the second situation, when there is weak phase-locking
to individual partials (>2 kHz) and harmonic numbers are
higher (partials are proportionally closer together), auditory
nerve fibers phase lock more strongly to the composite waveform created by interacting partials. For periodic stimuli, this
mode of action also produces the most numerous intervals at
its repetition period, the fundamental. This was Schouten’s
“residue” mechanism for the generation of low pitch, where
periodicities at the fundamental were thought to be generated
by residual modulations left over from incomplete cochlear
filtering (Schouten, 1940; Schouten et al., 1962). For a
number of reasons, this second situation is considerably less
effective at producing intervals related to the fundamental.
The dominance region for pitch (de Boer, 1976) and perhaps
also the different perceptual characteristics of pitches caused
by psychophysically-resolved vs. unresolved harmonics may
be explicable in terms of the competition between the two
modes of interval production (Cariani, 1999; Cariani &
Delgutte, 1996b).
Thus, if pitch corresponds to the most common interval
present, whether generated by the first mode of action or the
second, then it will always be heard at the fundamental of a
harmonic tone complex. Such a representation produces a
pitch at the fundamental even if it is “missing” in the frequency-domain description, i.e., there is no spectral energy
directly at F0. Because the representation relies on intervals
produced by the entire auditory entire array, it also accounts
for the inability of low-pass noise to mask the pitch at the
fundamental (Licklider, 1954).
Timbre is influenced by spectral energy distribution and
by temporal dynamics (e.g., attack, decay). By virtue of
phase-locking, both aspects of timbre have neural correlates
in the temporal discharge patterns of auditory neurons.
Different spectral envelopes produce different interspike
interval distributions, since each partial produces intervals
according to its relative intensity. Timbres of stationary
sounds such as vowels correspond to distributions of short
(<5 ms) interspike intervals (Cariani, 1995; Cariani,
Delgutte, & Tramo, 1997; Lyon & Shamma, 1996; Palmer,
1992). The pattern of minor peaks in the population-interval
distribution of Figure 1 is a reflection of the periodicities of
frequency components in the vowel’s formant region.
Simulated population-interval distributions
We are interested in how population-interval representations
associated with different music notes might be related to each
other. A computer simulation of an array of auditory nerve
fibers was used to make systematic comparisons between the
population-interval distributions that would be produced by
different musical sounds. The purpose of the simulation is to
replicate the essential temporal features of the auditory nerve
response to steady-state signals at moderate to high sound
pressure levels in a computationally efficient manner. The
MATLAB simulation incorporated bandpass filtering, halfwave rectification, low pass filtering, and rate compression

(Fig. 2). Twenty-five frequency channels were simulated with
characteristic frequencies (CFs) logarithmically spaced at
equal intervals from 100–8000. Each frequency channel contained three classes of auditory nerve fibers, each having its
own rate-level function that reflects both spontaneous rate
and sound pressure level threshold. Input signals (44.1 kHz
sampling rate) were first filtered with a 4th order Butterworth
low-pass filter that yields an eight-fold attenuation per
octave, and then passed though a 6th order Butterworth
high-pass filter that yields three-fold attenuation per octave.
Filter and rate-level parameters were chosen that qualitatively
replicated the responses of auditory nerve fibers to different
frequencies presented at moderate levels (60–80 dB SPL)
(Brugge, Anderson, Hind, & Rose, 1969; Kiang et al.,
1965; Rose, 1980) and also to the spread of excitation
across the array that we observed in our neural data. Consequently, these filters are broader on the low-frequency side
than those that are used often used in auditory models that
focus on responses at low sound pressure levels, where
tuning curves are much narrower. Filtered signals were halfwave rectified and low pass filtered by convolution with a
200 usec square-window. This 200 usec moving average
roughly mimics the decline in phase-locking with frequency. Maximal sustained firing rates were then computed
for each spontaneous rate class using average root-meansquare magnitudes of the filtered signals. Instantaneous
firing rates were computed by modulating maximal sustained
rates using the filtered, rectified signal. When the sustained
firing rate fell below spontaneous rate in a given channel,
uncorrelated, (“spontaneous”) activity was generated using
a Poisson process whose rate brought the total firing rate
up to the baseline, spontaneous rate value. An array of
simulated post-stimulus time (PST) histograms was thus
generated. Responses of the simulated auditory nerve array
(Fig. 2) can be directly compared with the observed neural
responses to the same single-formant vowel (Fig. 1). Next,
the autocorrelation function of the PST histogram in each
channel was computed, and channel autocorrelations were
summed together to form the simulated population-interval
distribution.
Population-interval distributions and autocorrelation
Simulated population-interval distributions and autocorrelation functions were used to explore pattern-similarities
between different notes and chords. Population-interval distribution based on simulated ANFs (Fig. 3, middle column)
are compared with those estimated from real neural data
(Cariani & Delgutte, 1996a) (left column), and their respective stimulus autocorrelation functions. The positive
portions of the autocorrelation functions are shown. For
these stimuli the positive portion of the autocorrelation is
the same as the autocorrelation of the half-wave rectified
waveform.
The four stimuli all produce the same low pitch at
160 Hz: a pure tone (strong pitch, narrow band stimulus), an
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Fig. 2. Auditory nerve array simulation for the estimation of population-interval distributions. An input signal is passed through a bank of
bandpass filters, half-wave rectified, low pass filtered, and compressed using three rate-level functions to produce post-stimulus time (PST)
histograms for each frequency channel. The autocorrelation of each PST histogram represents its all-order interspike interval histogram. The
estimated population-interval distribution is the sum of all channel autocorrelations.

amplitude-modulated (AM) tone (strong pitch, missing fundamental, narrow band), a click train (strong pitch, broadband), and an AM broadband noise (weak pitch). Histogram
bins have been normalized by dividing by the histogram
mean. The locations and spacings of major peaks in autocorrelation functions and population-interval distributions
are virtually the same across the plots, such that these three
representations would produce the same pitch estimates. For
these stimuli that produce low pitches at 160 Hz, major peaks
are located at 6.25 ms and its integer multiples (12.5 ms).
Pitch frequency can be explicitly estimated by finding
prominent peaks in population-interval distributions or by
examining the repetition pattern of the whole histogram.
Earlier estimations involved locating the first major peak in
the interval distribution (Cariani & Delgutte, 1996a; Cariani
& Delgutte, 1996b; Meddis & Hewitt, 1991a). More recently,

we have devised a more satisfying method for estimating
pitch that takes into account repeating structure in the whole
interval pattern. In this method, all intervals that are part of
an interval series are counted, and the pitch is estimated to
correspond to the series with the most intervals (highest mean
bincount). For example, the sieve corresponding to 200 Hz
contains intervals near 5, 10, 15, 20, 25, and 30 ms. This
method is more general than peak-picking and is relevant to
estimating the relative strengths of multiple pitches that can
be produced by multiple interval subpatterns. The relative
strength of a given pitch is estimated to be the ratio of the
mean bincounts for its sieve to the mean of the whole distribution. The interval sieve is used in this context as an analysis of the all-order interval representations rather than as a
hypothetical neural operation. A time-domain theory of pitch
multiplicity and of pitch fusion can be built up from such
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Fig. 3. Comparisons of population-interval distributions and autocorrelation function for six stimuli that produce a low pitch at 160 Hz. Left.
Population interval distributions estimated from recorded respones of 50–100 auditory nerve fibers in Dial-anesthetized cats (Cariani &
Delgutte, 1996). Middle. Population interval distributions estimated from responses of 75 simulated auditory nerve fibers. Right. Positive
portions of stimulus autocorrelation functions.

comparisons of relative pattern strength. Such processes may
explain aspects of musical consonance that do not appear to
be due to beatings of nearby partials that are associated with
roughness (see (DeWitt & Crowder, 1987; Schneider, 1997;
Schneider, 2001, in press; Sethares, 1999; Terhardt, 1973;
Tramo, Cariani, Delgutte, & Braida, 2001) for discussions).
For our purposes here, we are interested in relations between pitches, e.g., pitch-matching and pitch similarity, rather
than absolute estimates of pitch. Our working hypothesis is
that the whole interval pattern is itself the neural representation of pitch, and that relative pitch comparisons, which
depend on similarity relations, need not depend upon comparisons between prior explicit pitch estimates. These comparisons do not depend on peak-picking or sieve analysis.
In the interval distributions and autocorrelations, those
stimuli that produce strong pitches produce high peak-tomean ratios in population-interval distributions (p/m > 1.5),

which means that a larger fraction of the intervals that they
produce are pitch-related (e.g., at 1/F0 and its multiples).
Those stimuli that produce weaker pitches produce lower
peak-to-mean ratios (1.3 < p/m < 1.5), and those stimuli that
fail to produce definite pitches produce ratios close to unity
(p/m < 1.3).
There are some differences between the three representations. They diverge in 1) the relative heights of their interval
peaks, and 2) in the relative numbers of intervals that are not
correlated with the stimulus. Relative peak heights differ
between the neural systems and their autocorrelation
counterparts. This is due to nonlinear processes in real and
simulated auditory systems. Were these systems completely
linear, population-interval distributions would exactly replicate autocorrelations. Nonlinearities include those generated
by cochlear mechanics, threshold and saturation effects in
neural rate-level functions, and nonlinear neural membrane
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dynamics. In terms of population-interval distributions, nonlinearities have the effect of altering relative heights of interval peaks without changing their positions. The effects that
these nonlinearities have on auditory function depends critically on the nature of the neural codes involved. Neural representations for frequency and periodicity analysis that are
based on positions of interval peaks rather than numbers of
spikes produced are particularly resistant to such nonlinear
processes (Cariani et al., 1997). Uncorrelated spikes also
produce divergences between the plots. Auditory nerve fibers
endogenously produce spikes in the absence of any external
stimulus (“spontaneous activity”). In quiet, most fibers
have spontaneous firing rates above 20 Hz, with some above
100 Hz. At high sound pressure levels, nearly all spike times
are correlated (phase-locked) with the stimulus waveform. In
between, there is a mixture of endogenous and stimulusdriven spike generation that produces varying degrees of correlation between spikes and stimulus. Uncorrelated spikes
produce flat all-order interval distributions, so that the effect
of endogenously-produced spikes is to raise the baseline of
the population-interval distribution. One sees the presence of
these endogenously produced intervals most clearly by comparing baseline values for stimuli A–C. The neural data
shows the highest baselines, the autocorrelation function
shows the least, and the simulated cases lie in between. What
this shows is that the neural simulation currently captures
some of the “internal noise” of the system, but not all of it.
As a consequence, the simulation tends to overestimate the
fraction of pitch-related intervals produced by the auditory
nerve array amongst all other intervals. This fraction is in
effect a signal-to-noise ratio for an interval code that qualitatively corresponds to pitch salience (Cariani & Delgutte,
1996a).
The population-interval distribution is a general-purpose
auditory representation that generally resembles the autocorrelation function of the stimulus (compare Figure 1D and
F). Formally, the autocorrelation function of a stimulus contains the same information as its power spectrum. Thus, to
the extent that there is phase-locking to the stimulus, such a
representation can subserve the same functions as a frequency map, albeit through very different kinds of neural
mechanisms.
Simulated population interval distributions therefore offer
rough, but reasonable approximations to interval distributions observed in the auditory nerve. For most pitch estimation purposes involving musical stimuli, the stimulus
autocorrelation function would suffice (i.e., bypassing the
simulation). The autocorrelation function is thus not a
bad first estimate of the form of the population-interval distribution, so long as one is interested in musical pitch
(harmonics below 2 kHz) and one’s purpose is indifferent
to signal-to-noise ratio (i.e., not involving pitch salience,
masking, or detectability or competing auditory objects).
While there are other special situations that involve higher
harmonics and masking effects for which simple autocorrelation models break down (Kaernbach & Demany, 1998),
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these situations are far removed from those encountered in
musical contexts.
Common temporal patterns and pitch similarity
In order to determine whether perceived similarities between
musical tones could be based on the similarities of their
respective population interval representations, auditory nerve
responses to tones with different fundamentals were simulated. Population-interval distributions were compiled from
the simulated responses. Pure tones and tone complexes consisting of harmonics 1–6 for fundamentals ranging from 30
to 440 Hz were used as stimuli.
Simulated population interval distributions for a series
of fundamental frequencies related by different frequency
ratios, including many found in a just-tempered scale are
shown in Figure 4. These distributions have all been normalized to their means. Some simple relations are apparent.
For both pure and complex tones, the distributions have
common major peaks when ratios between fundamentals are
near 2 : 1, 3 : 1, 3 : 2, and 4 : 3. These correspond to musical
intervals of octaves, twelfths, fifths, and fourths. Distributions for F0 = 100 (1 : 1), 200 (2 : 1), and 300 (3 : 1) share
intervals at 10 and 20 ms. Distributions for F0 = 100 and
150 Hz (3 : 2) share intervals at 20 ms, those for 133 and
200 Hz at 15 ms, those for 200 and 300 Hz at 10 and 20 ms.
Distributions for F0 = 200 and 167 Hz (4 : 3) share intervals
at 20 ms. Fundamental ratios near these values, such as those
produced by equal temperament tunings, also produce
similar interval overlaps.
Peaks in the population interval distribution narrow as
fundamental frequency increases. This is most apparent for
the pure tone series, and is ultimately a consequence of the
character of auditory nerve phase-locking. The period histogram of an auditory nerve fiber in response to a pure tone
resembles the positive portion of the sinuisoidal waveform
(Kiang et al., 1965; Rose, 1980). Interspike interval histograms consequently resemble the positive parts of autocorrelation functions. Lower frequency pure tones produce
spikes throughout half their cycle, with the consequence
that spikes produced by lower frequency components are, in
absolute terms, more temporally dispersed than their higher
frequency counterparts. This has the effect of making interval peaks produced by lower frequency tones broader.
In these plots and for the analysis of pitch-related pattern
similarities, we have weighted intervals according to their
duration. Shorter intervals have been weighted more than
longer ones. In psychophysical experiments, the lowest periodicities that produce pitches capable of supporting melodic
recognition are approximately 30 Hz (Pressnitzer, Patterson,
& Krumboltz, 2001). There is other evidence that auditory
integration of pitch and timbre takes place within a temporal contiguity window: of 20–30 ms. These include time
windows 1) over which pitch-related information is integrated (White & Plack, 1998), 2) over which nonsimultaneous harmonics produce a pitch at their fundamental (10 ms)
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Fig. 4. Similarities between population-interval representations associated with different fundamental frequencies. Simulated populationinterval distributions for pure tones (left) and complex tones (right) consisting of harmonics 1–6.

(Hall III & Peters, 1981), 3) over which timbres fuse to
produce unified vowels (15–20 ms, Chistovich, 1985;
Chistovich & Malinnikova, 1984) or masking of rhythmic
patterns (Turgeon, 1999; Turgeon, Bregman, & Ahad, in
press), and 5) over which waveform time reversal has
no effect on pitch or timbre (30 ms, Patterson, 1994).
To account for the lower limit of pitch, Pressnitzer et al.
incorporated a 33 ms window with linearly-decaying weights
into their pitch model. The window embodies the assumptions that the pitch analysis mechanism can only analyze
intervals up to a given maximum duration (33 ms) and that
pitch salience successively declines for progressively lower
periodicities (smaller numbers of long intervals). We assume
that pitch salience is a function of peak-to-mean ratio in
population-interval distributions rather than absolute numbers of intervals, so that a slightly different weighting rule
that asymptotes to unity has been used here, Xw(tau) =
1 + (X(tau) - 1) * (33 - tau)/33 for all interval durations
(taus) 33 ms. This weighting rule reduces the peak to mean
ratio of longer intervals. The linear form of the window is
provisional, and it may be the case that different periodicities have different temporal integration windows (Wiegrebe,
2001).
Population interval distributions for pure and complex
tones are systematically compared in Figure 5. Pearson
correlation coefficients (r) between all pairs of simulated
population interval distributions associated frequencies from
30–440 Hz are plotted in the upper panel (A). For pure tones

(left correlation map) the highest correlations (darkest bands)
follow unisons, octaves, and twelfths. For complex tones
(right correlation map) there are also additional, fainter bands
associated with fifths, fourths, and sixths. Cross sections of
the two correlation maps are shown in the bottom panel,
where the relative correlation strengths of all frequency ratios
can be seen for a few selected notes.
The reason that the population interval distributions show
octave similarities lies in the autocorrelation-like nature of
these representations (Cariani, 1997, 1999). The autocorrelation of any sinusoidal waveform, irrespective of phase, is
a cosine of the same frequency. The unbounded autocorrelation functions of infinitely long sinusoids of different frequencies have zero correlation. However, if waveforms are
half-wave rectified and autocorrelation functions are limited
by maximum time lags, then these lag-limited autocorrelations of half-wave rectified pure tones will show positive
correlations between tones that are octaves apart. Octave
similarities between pure tones would then ultimately be a
consequence of half-wave rectification of signals by inner
hair cells of the cochlea and of the longest interspike
intervals that can be analyzed by the central neural mechanisms that subserve pitch perception. The reason that
population-interval distributions of complex tones show
additional correlation peaks has to do with correlations produced by 1) direct spectral overlap, i.e., partials that are
common to the two notes and 2) by octave-relations between
sets of partials.
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Fig. 5. Tonal structure and pattern similarities between population-interval distributions. Top. Map of correlation coefficients between all
pairs of simulated population-interval distributions produced by pure and complex tones with fundamentals ranging from 1–440 Hz. B. Crosssectional correlation profiles for selected fundamental frequencies. Correlations range from 0–1.

If the auditory system represents pitch through population
interval distributions and compares whole distributions to
assess their similarity, then by virtue of the properties of
these interval-based representations and operations, the
system possesses internal harmonic templates that are
relativistic in nature. The strongest relations would form
structures that would resemble “internal octave templates” (Demany & Semal, 1988; Demany & Semal, 1990;
McKinney, 1999; Ohgushi, 1983) in their properties. Octave
similarities would then be a direct consequence of neural
codes that the auditory system uses rather than of the associative learning of stored harmonic templates or connection
weights. The temporal coding hypothesis thus yields a
nativist account of basic tonal relations, and provides a
means by which complex cognitive schema may be grounded

in the microstructure of the neural codes and computations
that subserve perception.
For our purposes here we have assumed the correlation
comparison as a putative measure of perceptual distance
between notes. Here perceptual distance is taken to be
inversely related to correlation – those pairs of notes that
produce the most interspike intervals in common generate the
highest inter-note correlations. According to the interval
coding hypothesis, these notes should be the most similar perceptually. Geometrically, zero distances at unisons and the
next shortest distances at octaves with distance increasing for
successive octaves, translates into a helical structure in which
angle corresponds to pitch class (chroma) and distance along
the helical axis corresponds to pitch height. Thus the repeating, autocorrelation-like character of all-order interspike
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interval distributions produced by periodic sounds can generate both chroma and height dimensions of pitch quality.
This ensuing organization of pitch space is consistent with
the helical topology that has been inferred from human judgements of pitch similarity (Krumhansl, 1990; Shepard, 1964).
Temporal patterns and note-key relations
One can also assess similarities between interval patterns produced by individual notes and musical chords, and
compare these to patterns of similarity judgments by human
listeners (Handel, 1989; Krumhansl, 1990; Leman &
Carreras, 1997). In a series of studies on tonal context,
Krumhansl and colleagues developed a “probe tone” tech-
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nique for investigating note-note and note-key relationships.
In order to minimize possible effects of pitch height, they
used notes and note triads made up of octave harmonics in
the range from 80–2000 Hz. Notes were constructed in an
equally-tempered chromatic scale. Key contexts were established by presenting scales followed by a major or minor triad
followed by a probe tone. Experimenters then asked musically experienced listeners to judge how well a particular
note “fit with” the previously presented chord. Their averaged, scaled “probe tone ratings” for C major and C minor
key profiles are presented in the top left plots of Figure 6
(Krumhansl, 1991, p. 31). Similar judgements are also
obtained using other stimuli and key-contexts, so these notekey relationships appear to be general in that they do not
depend on particular, familiar key contexts.
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Fig. 6. Comparison of interval-based measures of note-chord similarity with human judgments. Left top. Results of probe tone experiments:
human ratings of how well a note fits in with a preceding chord (Krumhansl, 1990). Chords were either C-major (CEG) or C-minor (CD#G)
note triads. Notes consisted of harmonics 1–12 taken from an equally-tempered scale. Left bottom. Estimates of tonal similarity based on
correlations between simulated population interval distributions. Right. Simulated population interval distributions for the two chords and
three individual notes.
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As in the corresponding probe-tone studies, notes consisted of harmonics 1–12 of equally-tempered fundamentals,
with A set to 440 Hz. Chords consisted of note triads C-E-G
(C major) and C-D#-G (C minor). Auditory nerve responses
were simulated for the twelve notes and two chords, and their
respective population interval distributions were compiled,
normalized and weighted as before. The correlation coefficients between all note-chord pairs are shown in the bottom
plots on the left. Note-chord similarity profiles were then
compared with the probe tone data. Moderately high correlations between the two profiles were observed (r = 0.78
for C-major and r = 0.79 for C-minor). Similar results were
also obtained using only octave harmonics and for justtemperament scales. Previously this analysis had been
carried out with the unweighted autocorrelations of the notes
and chords, with a maximum lag of 15 ms. In this case the
correlations were slightly higher (r = 0.94 for C-major and
r = 0.84 for C-minor) than for the present, simulated case.
Whether population-interval distributions of autocorrelations
were used, similarities between these temporal representations of notes and chords paralleled the similarity judgements
of human listeners. These results are generally consistent
with those obtained by Leman and coworkers (Leman, 2000;
Leman & Carreras, 1997), in which chord-chord relations
were analyzed using temporal autocorrelation representations. These outcomes are not surprising, considering that
population-interval distributions and autocorrelation functions reflect the frequency content of their respective signals
and that correlations between them are influenced by both
spectral overlap and by octave similarities.
In practice, neurally-based comparison of successively
presented chords and notes requires a storage and readout
mechanism of some sort. Hypothetically, interval patterns
could be stored in a reverberating echoic memory similar in
operation to the recurrent timing nets that are discussed
further below.
Overtones and undertones in autocorrelation-like
representations
The weighted population-interval histograms of the two
chords and two individual notes are shown in the panels on
the right. The roots of chords, like the low pitches of
harmonic complexes, produce patterns of major peaks in
autocorrelation-like representations. These kinds of temporal representations seamlessly handle both harmonic and
inharmonic patterns. Note that C-major and C-minor have
major peaks at 7.6 ms, the period of their common root, C3
(132 Hz). Each chord pattern contains the interval patterns of
its constituent notes. Each note pattern in turn is approximately the superposition of the intervals of each of its
constituent harmonics. Because the autocorrelation of any
periodic pattern contains intervals associated not only with
the pattern’s repetition, but also those associated with multiple repetition periods, the autocorrelation function contains
subharmonics of each frequency component, and by super-
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position, subharmonics of fundamental frequencies. The
same arguments also apply to population-interval distributions (PID’s). For example, a pure tone at 1000 Hz produces
many all-order interspike intervals at 1 ms and its multiples,
such that the interval peaks are located at 1,2,3, . . . ms lags.
The note PID’s in Figure 6 show peaks at fundamental
periods and their subharmonics. In this sense autocorrelation
and population-interval representations contain both overtones (harmonics) of musical sounds, because they are
present in the acoustics, and their undertones (subharmonics), because they are periodic. A few explanations for the
roots of chords based on undertone series have been raised
in the past (Makeig, 1982), including Terhardt’s algorithm for
inferring virtual pitch from the subharmonics of frequency
components (Terhardt, 1979). Although schemes based on
subharmonics have been dismissed by music theorists
(Hindemith, 1945) on grounds that they have are no apparent representation in auditory frequency maps, clearly
such a representation can be found in patterns of longer
interspike intervals.
Implications for musical tonality
Temporal codes in the auditory system may have wide
ranging implications for our understanding of musical tonal
relations. If the auditory system utilizes interspike interval
codes for the representation of pitches of harmonic complexes and their combinations, then basic harmonic relations
are already inherent in auditory neural codes. Basic musical
intervals that arise from perceptual similarity – the octave,
the fifth, the fourth – are then natural and inevitable consequences of the temporal relations embedded in interspike
intervals rather than being the end result of associative conditioning to harmonic stimuli. No ensembles of harmonic
templates, be they of harmonics or subharmonics, need be
formed through learning. Rather than proceeding from a
tabula rasa, learning mechanisms would begin with a basic
harmonic “grammar” given by the interval code and elaborate on that. Thus there is a role for the learning of musical
conventions peculiar to one’s own culture as well as refinement and elaboration of musical perception, but these occur
in the context of universally shared faculties for handling
basic harmonic relations (Tramo, 2001). Many animals
plausibly posses these universal faculties (Gray et al., 2001),
since fish, amphibia, reptiles, birds, and mammals hear
pitches at the (“missing”) fundamentals of tone complexes
(Fay, 1988) and have phase-locked neural responses that
support interspike interval coding of such periodicities (e.g.,
Langner, 1983; Simmons & Ferragamo, 1993).
In the last few decades, in the midst of the Chomskian
revolution in linguistics and the rise of the digital computer,
symbolic, rule-based mechanisms were used to account for
much of the tonal and rhythmic structure of music. In this
present account, basic cognitive structures can arise from
temporal microstructures of auditory perception. Here the
perceptual representations are analog and iconic in charac-
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ter, mirroring in many ways the acoustic waveform. An
interval code is an analog code – although the spike events
that delimit the interval are discrete, the time interval itself
can take on a continuous range of durations. Even though the
representations can vary continuously, their similarity relations partition the space of possible periodicities to form
discrete regions that correspond to basic musical intervals
(octaves, fifths, fourths). Out of the continuous dynamics of
analog representations arise the symbols of rule-based
descriptions (Cariani, 2001b). This is perhaps a means by
which Kohler’s hypothesis of perceptual isomorphism
(Boring, 1942; Leman & Carreras, 1997) can accommodate
both continuous qualities, such as pitch, timbre, tempo, as
well as discrete categories, such as discernable musical
intervals and classes of rhythmic patterns.
A major question for temporal codes involves the means
by which the auditory system would make use of such information. In the second half of the paper we present a new
kind of neural network, the timing net, that operates on
temporally-coded inputs. We will show how feedforward
timing nets can implement comparisons between population
interval distributions, and how recurrent timing networks can
build up rhythmic patterns that recur in their inputs.

Neural timing nets
Thus far we have discussed the implications of neural population-based interspike interval codes for musical pitch relations. However, a signal has meaning only by virtue of how
it is interpreted by a receiver. In order to bear meaningful
informational distinctions, putative neural representations
must be interpretable by biologically-embodied neural architectures. Each possible neural code is intimately linked with
the neural processing architectures that can interpret it, and
each architecture in turn makes assumptions about the nature
of the neural signals that it processes. Conceptions of neural
networks inevitably embody deep general assumptions about
neural codes and vice versa.
Rationale for development
By far the dominant assumption in both neuroscience and
music theory is that the auditory system consists of an array
of band-pass filters in the cochlea that produce spatial activation patterns in auditory frequency maps that are subsequently analyzed by connectionist networks (Bharucha,
1991; Bharucha, 1999; Cohen et al., 1994). While it is possible to arrange inter-element connectivities in a manner that
permits the pitches of complex tones and their equivalence
classes to be computed, in order for these networks to attain
discriminative precisions on par with those of humans and
animals, their inputs must be highly frequency selective and
robust. With a few exceptions, the narrow tunings that are
required are generally at odds with those that are seen in the
auditory pathway, where neural response areas typically
broaden greatly at moderate to high sound pressure levels.

Many modelers simply sidestep the issue by using very
narrow frequency tunings that are derived from human psychophysical experiments, but this assumes away the mechanisms by which cochlear and neural responses produce fine
discriminations in the first place. In the midst of frequencydomain operations on “central spectra” derived from
psychophysically-derived auditory filters, it can easily be forgotten that the central spectra themselves may be based on
interspike interval information rather than rate-place profiles
(Goldstein & Srulovicz, 1977; Moore, 1997a).
We do not at present have an adequate account of how the
auditory system actually utilizes such interval information
to discriminate pitches produced by pure and complex tone.
Arguably, the best neurocomputational models that address
this problem are temporal autocorrelation networks in the
tradition of Jeffress and Licklider, “stereausis” models
(Lyon & Shamma, 1996), and modulation-analysis networks
(Langner, 1992). A notable recent proposal that uses temporal patterns and cochlear phase delays to tune a coincidence
network is that of (Shamma & Sutton, 2000). All of these
networks carry out a time-to-place transformation in which
information latent in interspike intervals and neural synchronies is converted into an across-neuron activation pattern
that can be subsequently analyzed by central connectionist
networks. To this end, temporal autocorrelation models use
tapped neural delay lines, stereausis models use cochlear
delays, and modulation-analysis models use periodicity
tuning properties based on neural inputs and intrinsic recovery dynamics.
There are difficulties, however, with each of these
schemes. Thus far, auditory neurophysiology has yet to
discover any neural populations whose members have
(comb filter) tuning characteristics that would be associated
with autocorrelating time-to-place architectures. While some
central auditory neurons are sensitive to particular pure
tone combinations, concurrently and sequentially (Weinberg,
1999), tuning curves and response patterns generally do not
betray highly precise harmonic structure commensurate with
the precision of the pitch percept itself. Perhaps the most
plausible of these schemes given our current state of
neurophysiological knowledge is the modulation-analysis
hypothesis (Langner, 1992; Schreiner & Langner, 1988).
Neurons that are sensitive to particular periodicity ranges
are found in abundance at many levels of auditory processing, but their selectivity is coarse and declines at
high stimulus levels. A more fundamental, theoretical
problem with this hypothesis is that the structure of pitch
judgements for harmonic and inharmonic stimuli with low
harmonics follows an autocorrelation-like pattern (de Boer,
1956; de Boer, 1976), “de Boer’s rule”, rather than the pattern
that would be produced by a modulation-analysis (Slaney,
1998).
One does find these requisite representational properties in
the time domain, in all-order interspike interval distributions.
This information is precise, robust, reliable, and appears in
great abundance at all auditory stations up to the midbrain
and possibly higher. Temporal response patterns observed

121

Temporal codes and timing nets
Table 1. General types of neural networks.
Type of network
Connectionist
Time delay
Timing net

Inputs

Outputs

Channel-coded
Temporally-coded
Temporally-coded

Channel-coded
Channel-coded
Temporally-coded

from the auditory nerve to the midbrain do follow de Boer’s
rule (Cariani, 1995; Cariani & Delgutte, 1996b; Greenberg,
1980). The real problem then is to explain the mechanisms by
which timing information is utilized in subsequent central
auditory processing. Any time-to-place transformation is
likely to lose representational precision; pitch estimates
based on rate-based tunings are inevitably one or two orders
of magnitude coarser than those based on spike timing. For
these reasons, alternative kinds of neural networks have been
explored that obviate the need for time-to-place conversions
by operating completely in the time domain.
Types of neural networks
If one divides neural pulse codes into channel-based codes
and temporal codes, then neural networks naturally fall into
three classes: 1) those that operate strictly on channelactivation patterns, 2) those that interconvert temporal and
channel patterns, and 3) those that operate strictly on temporal spike patterns. Neural architectures of these types can
be called, repectively, connectionist networks, time-delay
neural networks, and neural timing nets.
Traditionally, neural networks have been conceptualized
in terms of spatialized activation patterns and scalar signals.
Conventional connectionist nets generally assume synchro-

A FEEDFORWARD TIMING NET
Input spike trains
on tapped delay
lines
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units

nous inputs whose time structure is generally irrelevant to
the encoding of information. Whatever relevant temporal
structure exists is converted to spatial activation patterns by
means of temporal pattern detectors.
Time-delay architectures were among some of the earliest neural networks intended to account for the mechanics of
perception (Jeffress, 1948; Licklider, 1951). Time-delay
neural networks consist of arrays of tapped delay lines and
coincidence coinicidence counters which convert fine temporal structure in their inputs spatialized activation patterns
in their outputs. The strategic assumption is that temporal
patterns are first converted into channel activation patterns,
and then subsequently analyzed via connectionist central
processors.
Recently we have proposed a third kind of neural network,
called a timing net (Cariani, 2001a,d). Timing nets are
neural networks that use time-structured inputs to produce
meaningful time-structured outputs. Although they share
many common structural elements with time-delay neural
nets (coincidence detectors, delay lines), timing nets are
functionally distinct from time-delay networks in that the
goal of the network is to produce a temporal pattern as its
output rather than a spatial pattern of element-activations.
Time-delay nets use coincidence detectors that are subsequently coupled with an integration or counting mechanism to effect “coincidence counters” that eliminate the
temporal information present in the coincidences themselves. Instead, timing nets produce these temporal patterns of coincidences that then can be analyzed by other
timing nets.
As with other kinds of networks, timing networks can
further be divided into feedforward and recurrent networks
on the basis of whether the network contains internal loops.
Feedforward timing nets (Fig. 7a) act as temporal pattern

B RECURRENT TIMING NET
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Time patterns reverberate
through delay loops
Recurrent,
indirect inputs

Temporal patterns
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Output spike
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Coincidence
units
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Population-interval
distribution of
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Input time sequence

Fig. 7. Neural timing nets. (a) A simple feedforward timing net consisting of two tapped delay lines and a linear array of coincidence detectors. Outputs of coincidence detectors contain only temporal patterns that are common to the two inputs. The population interspike interval
distribution of the outputs of the net reflects a comparison between the interval distributions of the two inputs. (b) A simple recurrent net consisting of an array of coincidence detectors fed by direct inputs and by delay loops of different time durations. These networks compare incoming temporal patterns with previous ones to build up temporal expectations.
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Fig. 8. A simple feedforward timing net. (a) General schematic of a coincidence array traversed by tapped delay lines. Summation over time
in each output channel yields the cross-correlation function, while summation over output channels for each time yields the convolution of
the two inputs. (b) The population-interval (summary autocorrelation) of the entire output ensemble computes the product of the autocorrelations of the two input channels. (c) The conduction time across the array determines the temporal contiguity window between its inputs. (d)
A delay line looped back upon itself produces intervals that are limited by the traversal time of the loop.

sieves to extract common periodicities in their inputs, and
thus are relevant to perceptual comparisons of pitch, timbre,
and rhythm. Recurrent timing nets (Fig. 7b) build up temporal patterns that recur in their inputs to form temporal expectations of what is to follow. We discuss how recurrent timing
networks may be applied to the formation of rhythmic expectations in the last section of the paper.
Timing networks were directly inspired by several temporal processing architectures. Feedforward timing networks
are related to the Jeffress temporal cross-correlation architecture for binaural localization (Jeffress, 1948), Licklider’s
temporal auto-correlation architecture for pitch (Licklider,
1951; Licklider, 1959), the combination auto- and crosscorrelation architectures of Licklider and Cherry (Cherry,
1961; Licklider, 1959), Braitenberg’s cerebellar timing
model (Braitenberg, 1961), and the temporal correlation
memory strategies suggested by Longuet-Higgins (LonguetHiggins, 1987; Longuet-Higgins, 1989). Although feedforward networks of all kinds have been studied in greater
depth because of their formal tractability, in view of the
ubiquity of reciprocal connectivities between neurons
and neural populations, theoretical neuroscientists have
always looked to recurrent networks as more realistic brain
models. Thus, adaptive resonance circuits, re-entrant loops,
and thalamocortical resonances are prominent in the current thinking about large scale neural integration. While
conceptions incorporate notions of reverberating circuits
(Hebb, 1949), these schemes use spatial patterns (Grossberg,
1988) and sequences of neural activations (e.g., McCulloch,
1969), rather than temporal codes. Nonetheless there
have been a few proposals for temporal processing using

neural delay loops (Thatcher & John, 1977). In the auditory system, Patterson’s strobed temporal integration
model (Patterson, Allerhand, & Giguere, 1995) functions
in a manner similar to a recurrent timing network in that
it retains previous temporal patterns that are then crosscorrelated with incoming ones to build up stable auditory
images. The timing networks that we describe here are not
adaptive networks that adjust inter-element connectivities
(synaptic weights) or delays (conduction times), but such
adaptive mechanisms have been proposed in the past
(MacKay, 1962), and are important to any general hypothesis concerned with neurocomputational substrates of learning and memory.

Feed-forward timing networks
The simplest kind of timing net is a feed-forward network.
In such a network, two pulse train time-series signals (Si(t)
and Sj(t)) are fed into a coincidence array via two tapped
delay lines (Fig. 8a). Whenever a coincidence element
receives a nearly simultaneous pulse from each set of lines,
it produces a pulse in its output. Each channel, by virtue of
its position in the array relative to the two input delay lines
computes the pulse correlation at a specific relative interelement delay (D). A pulse appearing in the output of a given
element Ck therefore reflects the conjunction of two pulse
events whose times of occurrence are separated in time by
its characteristic relative delay Dk. For pulse train signals, the
output of a particular detector Ck(t) is equal to the product
of the two binary signals (0: no pulse, 1: pulse) at the detector’s characteristic delay, Si(t)Sj(t - Dk).

Temporal codes and timing nets
Basic computational properties
Two kinds of functions can be computed if the outputs of the
array are summed together in channel or in time. Integrating
the activity for each channel over time (vertical shaded area)
computes the cross-correlation function of the two inputs.
Adding this coincidence counting operation (and dividing
by the integration time to compute a running coincidence
rate) makes the network functionally equivalent to the
Jeffress architecture for binaural cross-correlation. Here
the channel activation profile of the coincidence elements
(i.e., a rate- “place” pattern) represents the cross-correlation.
Integrating delay channels for each time step (the horizontal
shaded area) computes the convolution of the two signals
(Longuet-Higgins, 1989). Thus the population-wide peristimulus time (PST) histogram of the ensemble of coincidence elements reflects the convolution of the two inputs.
These operations, however, do not exhaust all the functional
possibilities.
The time structure of the coincidences themselves bear a
great deal of useful information. In essence, feed-forward
timing nets act as temporal-pattern sieves, passing through
to the individual channel outputs those temporal patterns
that the two input signals have in common. For a pulse to
appear in somewhere in the array’s output, a pulse must have
been present in each input at roughly the same time, i.e.,
within the temporal contiguity constraint imposed by the
travel time across the array. Two pulses arriving outside this
contiguity window do not cross in the array. For a particular
interspike interval to appear in the output of a coincidence
element in the array, that interval must have been present in
the two inputs. The same argument holds for higher-order
patterns, such as spike triplets and longer sequences: if one
observes a higher order pattern in at least one of the output
channels, then the pattern must have been present in both
inputs.
One desires a means of representing this information that
is latent in the array’s output. We will explore the behavior
of the interval distribution produced by the ensemble of coincidence detectors, i.e., its population-interval distribution.
The autocorrelation function of a spike train is formally
equivalent to its all-order interspike interval histogram. The
autocorrelation of the output of a particular coincidence
detector Ck is Ak(tau) = S[Si(t)Sj(t - Dk)][Si(t)Sj(t - Dk) tau)]. This is the product of the output of the detector and
delayed copy of itself summed over time (t) for each of many
delays (tau: interval duration). Summing together the temporal autocorrelations of the output from each of the elements in the coincidence array produces the summary
autocorrelation of the entire array, i.e., SAC(tau) = SAk. In
neural terms this is the population-interval distribution of the
coincidence array, i.e., the global all-order interval statistics
of the whole ensemble of coincidence elements.
The traversal time across the array determines which parts
of the signals interact with each other (Fig. 8b). All intervals
from each set of inputs that arrive within the temporal con-
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tiguity window cross their counterparts in the other set, such
that if one input has M such intervals of duration tau, and the
other has N such intervals, M * N tau-length intervals will
appear in the outputs (Fig. 8c). Within the temporal contiguity constraints, the coincidence array therefore performs
a multiplication of the autocorrelations of its inputs. Thus,
for any pair of signals, if we want to know the all-order
population-interval distribution (summary autocorrelation)
that is produced by passing them through such an array, we
can multiply their all-order interval distributions (signal
autocorrelations). If an input line is looped back upon itself
in antiparallel fashion to form a recurrent loop (Fig. 8c), then
the maximum autocorrelation lag that will be computed by
the loop is determined by the maximal traversal time of the
overlapped segments.
Extraction of common pitch and timbre
The multiplication of autocorrelations has important functional consequences for subserving pitch and timbre comparisons. Feedforward timing nets implement a comparison
operation that is related to the correlation-based metric that
was used to explore tonal relations (Figs 5 and 6). Coincidence arrays extract all periodicities that are common to their
inputs, even if their inputs have no harmonics in common.
This is useful for the extraction of common pitches irrespective of differences in timbre (e.g., two different musical
instruments playing the same note), and extraction of
common timbres irrespective of pitch (the same instrument
playing different notes). Here we focus on those aspects of
timbre that are associated with the spectral composition of
stationary sounds, as opposed to those aspects that have
dynamic origins. On longer time scales, but using similar
temporal computational strategies, different rhythmic patterns can be compared to detect common underlying meters
and subpatterns.
The results of such comparison operations are shown in
Figure 9. Four electronically synthesized waveforms differing in the pitches and timbres they produce were recorded
using a Yamaha PSR76 synthesizer with different voice settings. Two notes, C3 and D3, and three voices, “Pipe organ”
(A), “alto sax” (B) and “sustained piano” (C) were chosen
and waveforms were taken from the stationary, sustained
portion of the sounds. Their combinations cover different
commonalities of pitch (note) and timbre (instrument): AB,
common timbre, different pitch; AC, different timbre, same
pitch; AD, different timbre, different pitch. Waveforms,
power spectra, and autocorrelation functions are shown for
the four sounds. Simulated population interval distributions
were computed for each of the four waveforms, and each
distribution was normalized relative to its mean.
Patterns of major peaks associated with note fundamentals (pitch), and patterns of short-interval minor peaks
associated with the instrument voice settings (timbre) are
readily seen in the autocorrelations and population interval
distributions. The equally-tempered note C3 has a funda-
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Fig. 9. Pitch matching irrespective of timbral difference. Waveforms, power spectra, autocorrelations, and simulated population-interval distributions are shown for four synthesized waveforms (Yamaha PSR-76). Complex tones A and B have similar spectral envelopes and produce
the same timbre. Tones A and C have a common fundamental, and evoke the same musical pitch (C), but have different spectral envelopes
and have different timbres. Tones A and D have different fundamentals and spectral envelopes. Windowed products of pairs of populationinterval distributions (Tone A paired with A–D) are shown in the bottom row.

mental at 131 Hz or 7.6 ms, while D3 has a fundamental
at 147 Hz or 6.8 ms. The correlation coefficients between
the four population interval distributions are given in
Table 2. Correlation comparisons between population interval distributions heavily weight commonalities of fundamental frequency (pitch) over those of spectral shape

(timbre). Correlations between the patterns in the different
interval ranges associated with timbre (0–2 ms) and pitch
(2–10 ms) of these stimuli are presented in Table 3. The “pipe
organ” and “alto sax” voices have very similar short-interval
patterns, but these differ substantially from that of the
“piano” voice.
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Table 2. Correlations between population interval distributions for waveforms A–D.
Note

Frequency
(pitch)

Period
(pitch)

Voice
(timbre)

r

A

B

C

D

131 Hz
147 Hz
131 Hz
147 Hz

7.6 ms
6.8 ms
7.6 ms
6.8 ms

“pipe organ”
“pipe organ”
“alto sax”
“piano”

A
B
C
D

1
0.10
0.72
0.08

1
0.06
0.63

1
0.05

1

C3
D3
C3
D3

Table 3. Correlations for 0–2 ms (bottom) and 2–20 ms intervals
(top).

A
B
C
D

A

B

C

D

1
0.94
0.96
0.78

-0.07
1
0.96
0.76

0.69
-0.08
1
0.73

-0.04
0.61
-0.03
1

The bottom row of plots shows the products of the simulated population interval distributions after a 25 ms tapering
window was applied. The product of a population interval
distribution with itself is its square (AA), which retains the
patterns of major and minor peaks associated with pitch and
timbre. The product of distributions associated with common
timbre, but different pitch (AB) shows no prominent major
peak, but replicates the short interval pattern (0–3 ms) that is
common to the two input signals. The product of distributions associated with common pitch, but different timbre
(AC) shows prominent major interval peaks at the common
pitch period of 7.6 ms. Finally, the product associated with
different pitches and timbres (AD) produces no prominent
pitch-related peaks and the timbre-related pattern of short
intervals resembles that of neither input. A similar analysis
has been carried out with four different synthetic vowels
that pair one of two fundamentals (voice pitches) with one
of two formant configurations (vowel quality) (Cariani,
2001a,d).
The feedforward timing network thus produces an interval distribution in its output that corresponds to the common
pitch of the two inputs, and it does this without ever having
to explicitly compute the fundamental frequency. This kind
of comparison operation produces relative pitch judgements
rather than the absolute ones that would be generated
from an explicit pitch estimate. The relativistic nature of this
periodicity-matching process parallels the relativity of pitch
perception. In order to match pitches using this scheme, one
adjusts the fundamental frequencies (as in tuning an instrument) so as to maximize the relative numbers of intervals
produced by the coincidence array. Here the relative numbers
of intervals produced by the stimulus combinations were AA
(20), AB (16), AC (18), and AD (15), producing a similarity
ordering of 1) common pitch and timbre, 2) common pitch,

slightly different timbre, 3) different pitch, slightly different
timbre, and 4) different pitch and timbre. This simple strategy of pitch matching by maximizing the output of the whole
array works as long as sound pressure levels (and consequently input spike rates) are kept constant, but would be
expected to fail if matching were carried out with roving
levels. Maximizing the peak to background ratio of intervals
in the output that are associated with the pitch periodicity to
be matched achieves a normalization operation that makes
the computation more like a correlation comparison (as in
Figs 5 and 6). Further development of the computation of
similarity in timing nets should include incorporation of
inhibitory elements that impose penalties for anticoincidences and perform cancellation-like operations (de
Cheveigné, 1998; Seneff, 1985; Seneff, 1988).
While the multiplication of autocorrelations is related to
the product of power spectra, there are some notable functional differences between the two. A timing network extracts
intervals common to two fundamentals even in the case
where the two inputs do not have any harmonics in common.
For example two amplitude-modulated (AM) tones with the
same fundamental but different carrier frequencies produce
the same low pitch at their common “missing” fundamental.
Intervals related to this periodicity predominate in the
output of a timing net (Cariani, 2001a,d). Recognition
of this similarity cannot involve spectral overlap, since
there is none. Thus pitch matching using frequency representations cannot be accomplished by simple assessment
of spectral overlap, and necessarily requires a prior harmonic analysis of component frequencies that makes
an explicit estimation of pitch. While the representation
of the fundamental is simple and prominent in interspike interval-based representations, in contrast, in spectral
pattern representations it is implicit and must be extracted
by fairly elaborate means. In addition, the same intervalbased representations and neurocomputations can subserve both pitch and timbre comparisons using the same
timing net operations, whereas spectral pattern strategies
require different types of analyses (spectral overlap and
harmonicity).
Population interval distributions and timing nets exhibit a
number of properties that embody Gestaltist principles. One
aspect of autocorrelation-like representations is that they
exhibit properties related to both parts and wholes. The autocorrelation patterns of the partials are present in the whole
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pattern, but the whole has properties, a pattern of major
and minor peaks, that reflect combinations of partials. Properties of either whole or part can be analyzed at will. Rather
than being concatenations of discrete local features, i.e., perceptual atoms, population interval representations are based
on interspike intervals, which themselves are relations
between events. These kinds of correlational, relational representations constitute general alternatives to perceptual processing by means of local features and decision trees. Like
the intervals themselves, the computations realized by timing
nets are analog in character and produce output patterns that
can have both continuous and discrete qualities.
Beyond this, there are a host of more general neurocomputational implications that timing nets hold for the nature
of neural representational and computational systems. Their
ability to extract temporal patterns that co-occur or recur in
their inputs, even if these are embedded in other spikes,
permit different kinds of information to be carried along the
same neural transmission lines and separated out. Timing
nets are the only kind of neural net to our knowledge that are
indifferent to which particular neuron produces which output
response. The operation of the temporal sieve does not
depend on specific connectivities between particular neurons,
as long as the ensemble encompasses a rich set of delays
between the signals. Statistical information can consequently
be analyzed by neural ensembles and shipped en masse
from one region to another. These properties ultimately
liberate neural representations from travel over dedicated
lines and processing via connections whose relative weightings must be highly regulated. They provide neurocomputational alternatives to “switchboard-based” modes of
organization that require specific connectivities (see John,
1972; Orbach, 1998; Thatcher & John, 1977 for critiques and
alternatives).

Recurrent timing nets
Time is central to music in two ways – in the form of (synchronic) temporal patterns and as (diachronic) temporal successions of these patterns. Similarly, time comes into music
perception in two ways, as the basis of stable musical forms
and qualities (pitch, timbre, rhythmic pattern), and as the
dynamic evolution of representations and their changes.
As we have seen, relations between musical objects such as
notes may be mediated by the underlying temporal microstructure of their neural representations. Sounds also unfold
over time, and in parallel with their successions of change
are perceptual and cognitive representations that similarly
evolve in time. Repetition of pattern plays an important role
in music, both as a means of building up invariant objectpatterns (be they melodies, harmonies, or meters) and as a
means of setting up temporal expectations for future events.
Feedforward timing nets are relevant to comparison and
analysis of temporal pattern, while recurrent timing nets
address the history-dependent evolution of representations
and expectations.

Basic properties of recurrent timing nets
Recurrent timing nets consist of coincidence arrays with
delay lines that form loops (Figure 7b). Recurrent delay lines
provide a primitive form of memory in which a time series
signal is presented back, at a later time, to the elements that
generated it. From the perspective of temporal processing, a
conduction delay loop retains the temporal structure of
patterns presented to it, from the timing of a single pulse to
complex temporal sequences of pulses. This means that
recurrent conduction loops have some functional properties
that differ from mechanisms, such as clocks, oscillators and
simple periodicity detectors, that use elements that do not
retain the full temporal pattern.
Recurrent transmission paths can be constructed in a
number of ways. Recurrent loops can be monosynaptic or
polysynaptic. Monosynaptic delay loops are based on recurrent collaterals within single elements. Polysynaptic loops
are cyclic transmission paths that pass through multiple elements of a network. The brain is rich in cyclic polysynaptic
paths because of local interneurons, ascending and descending fiber systems in subcortical pathways and reciprocal, “reentrant” connections between cortical areas (McCulloch,
1947). The impressive array of transmission circuits in the
hippocampus provides a rich set of recurrent connections and
delays that potentially support autoassociative memories
of both channel-coded and temporally-coded sorts. Myelinated pathways provide fast conduction and short delays,
while unmyelinated fibers provide much longer ranges of
delays. Delay loops can be fixed, prewired, or can arise
dynamically, from activity-dependent synaptic facilitation
processes. Here we explore the behavior and functionalities
of the simplest arrays of fixed, monosynaptic delay loops and
coincidence detectors, in order to make a very preliminary
survey of their potential usefulness in understanding music
perception.
Many different delay loops permit an input signal to be
compared with itself at different previous times. If delay
loops are coupled to coincidence detectors, then the detectors register correlations between present and past values of
the signal, such that the ensemble in effect computes a
running autocorrelation. If the outputs of coincidence detectors are fed back into the loop, then an iterated, running autocorrelation is computed that reflects the recent history of both
signal and system.
A simple recurrent timing net with these properties
is shown in Figure 10A. The behavior of the net was initially explored using binary pulse trains of 0’s and 1’s. In
the absence of a indirect signal coming from within the loop,
the loops convey the incoming direct signal. The incoming
direct signal is multiplied by the circulating signal and a
facilitation factor (B = 1.05). Thus, whenever there is a
coincidence of pulses (those arriving from outside with
those arriving through the loop), the magnitude of the
pulse entering the loop is increased by 5%. Such a network creates a temporal expectation in the timing of future
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Fig. 10. Behavior of recurrent timing nets. (a) Behavior of a simple recurrent timing net for periodic pulse train patterns. The delay loop
whose recurrence time equals the period of the pattern builds up that pattern. (b) Response of a recurrent timing net to the beat pattern of
La Marseillaise. Arrows indicate periodic subpatterns at 16, 32, and 64 timesteps that are built up by the network.

incoming pulses, and builds up that expectation when it is
fulfilled.
Thus, taking sequences of pulses into account, if the
incoming signal pattern is similar to the previous pattern,
then this pattern is built up within the loop. If the incoming
signal pattern is different from the previous pattern, then a
new pattern is nucleated within the loop and the build up
process begins anew. In effect, an incoming pattern becomes
its own matched filter pattern-detector. Such a network will
inevitably build up any recurring time pattern in its inputs,
even in the presence of noise or other patterns. The network
builds up all periodic patterns at all time scales simultaneously, and each periodic pattern builds up in the delay loop
with the corresponding recurrence time.
Many random, periodically repeating binary sequences
were presented to the network. The network behavior for an
input pulse train that repeats the same 11-step sequence
(. . . 10101100101 . . .) is shown in Figure 10a. Here coincidence windows are one timestep (sampling period). The plot
on the right shows the value of the circulating pattern for

each delay loop as a function of time. The evolution of the
circulating pattern can be interpreted as the build up of a perceptual image. The network builds up the 11-step sequence
first in the loop whose recurrence time is 11 steps, and later
in the loop whose recurrence time is 22 time steps. This
behavior is entirely understandable, since it is in the delay
loop whose recurrence time equals the period of the repeating pattern that the previous pattern maximally coincides
with its repetition. If pulses are randomly added to the pattern
(noise), then their pulse patterns do not reliably recur at
periodic intervals, and consequently do not build up in any
one delay loop. The network detects periodic patterns and
enhances them relative to aperiodic ones.
Such a network can separate out different, metricallyunrelated temporal patterns. One can combine multiple complex beat patterns with different periodicities and present
them to the network. If there are multiple recurring periodic
pattern, then each pattern builds up in the loop with the recurrence time matching its own period. Perhaps the most powerful feature of this behavior is that multiple patterns can be
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separated and identified by examining the waveforms that
circulate in these loops. In the loops where the patterns have
built themselves up, the pulse pattern in each of the loops
resembles one of the constituent patterns. There is thus a
means of building up auditory objects, both rhythmic and
tonal, out of recurrent temporal pattern invariances. The
invariant nature of relations within objects and the constantly
changing relations between objects permits these different
objects to be separated in a relatively simple and elegant way.
Two kinds of stimuli were originally explored: the periodic binary sequences discussed above, and concurrent
vowels with different fundamentals. The former were used to
explore rhythm- and periodicity-detection, while the latter
were used to study auditory object formation and stream
segregation.
Several extensions of these recurrent nets have been
implemented. First, the buildup rule has been modified. A
straight multiplicative rule amplifies patterns geometrically,
such that waveforms rapidly become distorted in their amplitudes (but not in their zero-crossing patterns). Secondly,
while the networks handle isochronous rhythms well, they
are less effective at using rhythmic expectations that have
been built up when there are random delays inserted into
sequences (pattern jitter). The second set of stimuli include
concurrent, double vowels. Here the recurrent nets have been
extended to receive input from a simulated auditory nerve
front end. Each characteristic frequency channel has a full
set of delay loops within which the patterns from that
channel build up. Preliminary results suggest that recurrent
timing networks can operate effectively on a frequency-byfrequency basis to segregate double vowels.
Recurrent timing nets for computing
rhythmic expectation
Two rhythmic patterns have been analyzed using running
autocorrelation and recurrent timing nets. The first is the beat
pattern of La Marseillaise, encoded as a 64-step binary
sequence, kindly provided by Bill Sethares. The second is a
fragment of Presto energetico from the Musica Recercata per
pianoforte (1951–53) by Gyorgy Ligeti, which was kindly
provided by Marc Leman and Dirk Moelants. This is the
same Ligeti fragment that was analyzed by a variety of
methods in (Leman & Verbeke, 2000).
One of the shortcomings of the simple 5% buildup rule
discussed above is that given a periodic signal, the response
pattern builds up geometrically, and this dramatically favors
shorter periodicities over longer ones. In order to rectify this
imbalance, the buildup factor B that regulates the rate of
increase of the loop signal was adjusted in proportion to the
loop delay LDk, i.e., Bk = LDk/100, such that longer delay
loops have proportionately higher facilitative factors. This
equalizes in a crude way shorter and longer loops, which
have differences in the number of times the signals are subjected to coincidence and facilitation per unit time. Subsequent applications of these networks to the problem of

separating concurrent vowels have used buildup rules that
saturate more gracefully, where the output of a given coincidence unit is the minimum of direct and circulating inputs
plus some fraction of their difference. The rule that describes
the coincidence operation was Sk(t) = min(Sdirect(t), B *
Sdirect(t) * Sloop(t)), where Sk(t) is the ourput of coincidence
element k associated with delay loop of recurrence time
LDk, Sdirect(t) is the incoming direct input signal, and
Sloop(t) = Sk(t - LDk).
The response of the network to the La Marseillaise beatpattern is shown in Figure 10b. The plot shows prominent
sustained beat-periodicities at 16, 32, 64, 96, and 128 time
steps, with the dominant periodicity being at the repetition
period of the whole pattern (64) and its double (128). Recurrent nets simultaneously build up all of the meters and submeters that are consistently present in their inputs, and
sometimes hidden, embedded sub-patterns were detected in
the arbitrary repeating pulse sequences discussed above.
Recurrent timing networks can therefore be used to find
embedded meters simply by examining the patterns in delay
channels that grow past some detection threshold. Their
pattern detection properties parallel those of the periodicity
transform of Sethares (2001, this issue), which is similarly
based on correlation. Both methods in their analysis of the
input signal search the space of periodic patterns to find those
periodicities present. The periodicity transform does this in
a more directed and sequential way that eliminates redundant
patterns by collapsing pattern multiples (e.g., the 64-step and
128-step periodicities in La Marseillaise are collapsed into
the 64-step pattern). In contrast, the recurrent network performs its operations in parallel, and, like its autocorrelation
cousin, retains all of the subpatterns along with multiples of
repeating patterns. The periodicity transform is thus suited to
finding a single dominant pattern, while the autocorrelationlike methods are more suited to presenting all of the possible
(competing) patterns that might be heard out.
A more difficult test is the Ligeti fragment. The waveform,
envelope, autocorrelogram, and recurrent network response
for the Ligeti fragment are shown in Figure 11a–c. The
running rms of the waveform of the audio recording of
the piano peformance (a) was computed every 10 ms using a
50 ms moving window, and the whole rms waveform was
rescaled to the range (0, 1). This low-frequency envelope of
the waveform (b) was analyzed using running autocorrelation and a recurrent timing net.
The running autocorrelation (RAC) of the Ligeti fragment
is shown in (c). The function is a signal expansion that uses
no windowing (i.e., it has the temporal resolution of the
signal itself): RAC(tau, t) = X(t) * X(t - tau). The autocorrelogram plots the running autocorrelation, which depicts all
periodicities (tau) as a function of time (t), making it is useful
for analyzing time-varying signals. Autocorrelograms have
been used to display running all-order population-interval
distributions in response to time-varying complex stimuli
(Cariani & Delgutte, 1996a) and to display the periodicity
structure of music (Leman & Carreras, 1997). The running
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Fig. 11. Analysis of complex rhythmic pattern in music. (a) Waveform fragment from Ligeti, Musica Ricercata. (b) Rms envelope of the
waveform. (c) Autocorrelogram (running autocorrelation) of the envelope. (d) Response of the recurrent timing net. Arrows indicate delay
channels that built up prominent patterns.
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A Autocorrelogram

C Ligeti envelope (end)

B Recurrent timing net

Fig. 12. Analysis of Ligeti fragment by autocorelograms and timing net. (a) Average autocorrelation value as a function of delay (mean
value of autocorrelogram). (b) Average amplitude of signals in timing net loops as a function of loop delay. Thicker line shows average signal
over the last 200 samples (2 s); thin line, over the whole fragment. (c) Top: End of Ligeti fragment. Below: Waveforms built up in the three
most highly activated delay loops.

autocorrelation can be compared with other running displays
of time struture: cochleograms (Lyon & Shamma, 1996;
Slaney & Lyon, 1993), tempograms and strobed auditory
images (Patterson et al., 1995). The running autocorrelogram
also affords a method of periodicity detection. If temporal
windowing is applied to the running autocorrelation at each
delay lag, one can find dominant periodicities by comparing
mean correlations as a function of lag (Figure 12a). Both
mean and standard deviation profiles of the signals circulating through the delay channels indicate the presence of
strong rhythmic patterns with durations at 88 and 178
samples (0.88 and 1.78 s). These are most apparent in the
peaks in Figure 12a, and are indicated by arrows in the autocorrelogram of Figure 11c.
The response of the recurrent net to the Ligeti fragment
is similarly shown in Figure 11d and in Figures 12b and c.
The recurrent net builds up the same periodicities that are
seen in the running autocorrelation: at 88 and 178 samples
duration, plus an additional one at 134 samples (1.34 s).

These can also be seen in the peaks in the mean signal values
in each delay loop that are plotted in Figure 12b. The additional peak is due to the difference between the non-iterated
autocorrelation of the autocorrelogram and the exponential
nature of the iterated pattern-buildup process of the recurrent
net. The upward trend in the mean signal strength profile is
due to the loop-dependent scaling of the buildup factor that
was discussed above.
Although one can read off the periods of dominant temporal patterns by examining mean signal amplitudes and
variances, the main advantage of a timing net over an array
of oscillators or periodicity detectors is that it builds up and
retains the form of the periodic pattern with all of its metric
microstructure (Moelants, 1997). The last two seconds of the
Ligeti fragment are shown in Figure 12c (top plot). Below it
are shown the waveforms for the signals that were circulating in the maximally activated delay loops. In the longest
delay channel (178 samples, 1.78 s, bottom plot) is the whole
repeating pattern, while rhythmic subpatterns at 88 samples
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(1 : 2) and 134 samples (3 : 4) present themselves. The
network thus represents the whole and its parts, such that
either can be further analyzed.
The foregoing rhythmic examples are simple illustrations
of the kinds of behaviors that recurrent timing nets exhibit,
without any formal attempt to link these to patterns of
rhythm perception or to empirically test these networks as
psychoneural models. In order to do so, we would want to
examine how many repetitions of a pattern are necessary to
build up an expectation of a given strength, as well as how
many beat omissions and how much pattern-jitter both
human listeners and timing nets could tolerate. We would
want to know whether human and neural network find the
same patterns most salient.
At present timing nets function as broad heuristics for how
the auditory system and the brain in general might process
temporal patterns to form auditory objects and temporal
expectations. We ponder whether mass temporal comparison
operations could be realized interactions between ascending
and descending fiber systems at the level of colliculus and
thalamus. This could be accomplished using synaptic inputs
or via axonal cross-talk. Certainly a great deal of further
refinement will be necessary before these networks reach a
stage where specific psychological and neurophysiological
hypotheses can be empirically tested.
In many ways the goals and operation of recurrent timing
networks are most similar to those of Patterson’s strobed temporal integration architecture (Patterson et al., 1995). Both
build up auditory images by comparing a signal with its
immediate past. While Patterson’s model uses an onsettriggered comparison process, these recurrent timing nets
continuously compute with all loop delays, which yields a
more systematic analysis of the signal.
In this paper, we have treated the processing of pitch and
rhythm in a disjunctive way, using feedforward nets for pitch
analysis and recurrent ones for rhythm. However, recurrent
nets also form and separate objects by common pitch
(Cariani, 2001d). Feedforward nets could potentially be
used for extraction of rhythmic subpatterns and for tempo
matching. The two qualities of pitch and rhythm, despite
their very different tempi, have a surprising number of
common perceptual properties (ratio relations, pattern
fusions and separations) that lend themselves to similar computational strategies (autocorrelation, comb filters, oscillator
nets, timing nets, modulation spectra). This suggests that
pitch and rhythm (and still longer structures) might well be
handled by similar temporal processing mechanisms, albeit
operating on different time scales (Scheirer, 1998; Scheirer,
2000). Ideally, such a general mechanism should incorporate
a means of forming objects and of analyzing their properties.
Recurrent nets would first build up and stabilize auditory
objects on the basis of temporal pattern coherence. This is
a mechanism that is sensitive to onset asynchronies and
abrupt changes in phase. Periodic waveforms would then be
built up in delay loops whose pitch and timbral properties
could be subsequently compared with other temporal pat-
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terns using feedforward networks that are largely indifferent
to phase.
More broadly, these networks can also be seen as temporal
versions of adaptive resonance networks (Grossberg, 1988),
in which patterns are temporally rather than spatially coded.
Adaptive resonance networks, of course, have a huge edifice
of theory and practice developed over decades of experience
that can potentially be transferred into time domain networks. In both adaptive resonance and recurrent timing networks, there is an interplay of incoming sensory data and
central circulating patterns that makes for bottom-up/topdown codeterminations. We concentrate here on the dynamic
formation of patterns rather than recognition of incoming
patterns vis-à-vis stored pattern archetypes, but one can conceive of central neural assemblies that emit temporal patterns
that then facilitate the buildup of like patterns if they are
present in incoming sensory data. Periodicity-assimilating
units (John, 1967; Morrell, 1967) as well as those that encode
the expected timings of events have been observed in neurophysiological studies of conditioning. Thus far, the simple
recurrent timing nets presented here do not exploit mismatches between incoming patterns and network expectations as they do in adaptive resonance circuits. One can
foresee incorporation of temporally-precise inhibitory interactions that implement anti-coincidence operations that make
detections of such mismatches possible in timing nets as
well. Finally, adaptive resonance networks are adaptive – they
alter their internal structure contingent on experience in order
to improve performance – while the timing nets thus far
developed are not. Here, too, the improvements that must be
made are fairly straightforward, involving the incorporation
of Hebbian rules that operate on temporal correlations and
anticorrelations, e.g., the kinds of short-term synaptic facilitations that are now under active investigation. Perhaps the
most exciting prospect is that delay loops could be formed
on the fly even in randomly-connected nets by such shortterm facilitations borne by temporal correlations. This would
then mean that, once again, it is the stimulus that organizes
the tissue, not only on the longer timescales of recovery to
injury, but also, potentially, on the shorter timescales in
which music impresses its temporal form on the brain.

Conclusions
We have explored some the implications that auditory
temporal codes and neural timing nets might hold for music
perception. In the realm of musical tonality, temporal
microstructure in the form of autocorrelation-like population-interval distributions may be responsible for basic similarities between notes separated by simple frequency ratios.
Pattern similarities between population-interval distributions
produced by individual notes and chords parallel human
judgments of how well particular notes fit in with particular
chords. We have outlined how feedforward timing networks
operating on such neural temporal representations might
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compute such similarities, which result from the mass statistical behavior of intervals interacting in coincidence arrays.
In the realm of rhythm perception, we have shown how recurrent timing nets can build up temporal expectations from
recurring complex rhythmic patterns. Such networks provide
an alternative to temporal processing based on clocks,
oscillators, periodicity and duration detectors, and time hierarchies. Although, neural timing networks are presently at a
rudimentary state of development and testing, they nevertheless bear promise as neurally-realizable models of musical
perception. Temporal coding and neural timing nets potentially provide a unifying neurocomputational framework for
music perception that encompasses pitch, timbre, rhythm,
and still longer temporal patterns.
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One aspect of tonal consonance relevant to the pitch stability of
chords and harmonic tension concerns the degree to which a
collection of notes produces a unified, strong low pitch. We used a
neurophysiologically-grounded temporal model for pitch to test
Stumpf's general hypothesis that consonance is based on degree of
tonal fusion. Patterns of consonance estimates generated from the
model were compared with corresponding human judgments of
consonance ("clearness") obtained by Kameoka & Kurogawa
(1969).

roughness. Contextual effects can arise when tones are preceded
by other tones, and plausibly involve interactions between
neuronal activity patterns associated with incoming sounds and
activity patterns produced by sounds in the immediate past (~200
ms to seconds). These short-term contextual effects likely involve
the same central neuronal mechanisms associated with echoic and
working memory that mediate tonality induction (Leman, 2000)
and melodic coherence (Deutsch, 1999; Snyder, 2000). Longer
range contextual effects, such as particular patterns of tonal
expectancies, almost inevitably involve experientially-acquired,
(culturally) conditioned predispositions (hedonic and otherwise)
that are mediated by long term memory (Bharucha, 1994).

The model used an auditory nerve simulation (72 fibers, CFs, 8016000 Hz) to generate neural responses to pairs of tones separated
by different musical intervals. The simulation used stimuli
identical to those used in psychophysical experiments (pairs of
pure tones and harmonic complexes, F0root = 440 Hz, n=1-6).
Population-wide interspike interval distributions were then
compiled from the responses of individual simulated auditory
nerve fibers. The relative strengths of pitch-related interval
patterns in these distributions were then measured using
subharmonic sieves to yield predictions of which pitche(s) should
be heard as well as their relative strengths (saliences). The
estimated salience of the strongest pitch (maximum salience) is
used as an estimate of pitch fusion and perceived consonance.

Perception of consonance in music thus is thought involve
"sensory" and "perceptual" processes that are relatively
independent of context, as well as "cognitive" processes that (can)
depend on musical context, both immediate and distant. We focus
here on those "sensory" and "perceptual" aspects of consonance
that apply to multiple concurrent tones presented in isolation.
Models of consonance that are based on the perception of
roughness examine the degree to which nearby harmonics beat
(Helmholtz, 1885; Kameoka & Kuriyagawa, 1969a, 1969b; Plomp
& Levelt, 1965; Sethares, 1999; Terhardt, 1974a), while pitchbased theories examine the strengths of virtual pitches created
(Terhardt et al., 1982) and the degrees to which they fuse together
(DeWitt & Crowder, 1987; Green & Butler, 2002; Lipps, 1905;
Schneider, 1997).

Consonance values estimated from the model were then compared
with those obtained by K&K. The high degree of correspondences
observed (r = 0.88 for "consonances" of pure tones and r = -0.97
for "absolute dissonances" of complex tones) support the viability
of pitch-based models for consonance that depend on the strength
of the fundamental bass.

2.

ABSTRACT

1.

BACKGROUND

The perception of concurrent and successive combinations of
tones is central to psychological theories of musical harmony and
melody. Consonance encompasses qualities that are created when
tones are sounded together: from sensations of roughness to
perceptions of unified, fused wholes (Tramo et al., 2001). Far
from simple dependence on acoustics, perceived consonance is
influenced by cochlear and neuronally-mediated processes that
unfold on at least three different time scales. "Sensory" aspects of
consonance are often used to describe perceived tone qualities of
concurrent sounds presented in isolation. These aspects of
consonance are likely to be mediated by cochlear filtering and the
neuronal mechanisms responsible for perception of pitch and
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AIMS

Our general aims here parallel those of others (Helmholtz, 1885;
Parncutt, 1989; Terhardt, 1974b) who have sought to determine
which aspects of musical perception are direct consequences of the
physiological mechanisms that subserve auditory perception. Like
others before us (Boomsliter & Creel, 1962; Licklider, 1951;
Patterson, 1986; Rose, 1980), we also seek to ground pitch-based
theories of tonal consonance in interspike interval representations.
Recently global, population-wide interval statistics have been used
to explain a wide range of musical pitch phenomena (Cariani,
2002; Cariani & Delgutte, 1996a, 1996b; Leman, 2000; Leman &
Carreras, 1997; Meddis & Hewitt, 1991; Meddis & O'Mard, 1997;
Slaney & Lyon, 1991). Here we present consonance predictions
based on computer simulations of auditory nerve responses to
dyads of pure and complex tones and compare them to consonance
judgments obtained in psychophysical experiments (Kameoka &
Kuriyagawa, 1969a, 1969b).
Our ultimate goal is to apply such models for pitch multiplicity to
predict the pitch stability of chords so as to directly link low-level
physiologically-grounded neuronal representations of pitch with
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high-level music-theoretic notions of harmonic tension and
relaxation. In order to achieve this ultimate goal, models need to
incorporate effects of musical context, as embodied by neural
processing operations that access neural representations held in
both short and long-term memory stores (Bharucha, 1994; Leman,
2000). Such processes would lead to neuronal representations of
music that dynamically unfold in time, combining successive
presents with successive pasts.
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Auditory nerve model
Auditory nerve responses to dyads consisting of pure and complex
tones were simulated in a computer model (Cariani, 2002).
Ensembles of 72 auditory nerve fibers (ANFs) were simulated (3
fibers/CF), the 24 characteristic frequencies (CFs) being
logarithmically-spaced between 80-16000 Hz. Single fiber
responses were modeled using a series of relatively simple
operations that parallel basic cochlear and neural processes:
middle-ear filtering (attenuation: -20 dB < 100 Hz; 0 dB: 1-2 kHz;
-20 dB < 10 kHz), cochlear band-pass frequency tuning (Bekesylike gammatone filters; (Hartmann, 1998), pp. 254-256, filter
order = 3, decay const. b = CF/5), hair cell transduction (half-wave
rectification), synaptic filtering (low pass filter, rolloff > 2 kHz),
neural rate-level functions, and uncorrelated, endogenous,
“spontaneous” activity (Poisson process governed by driven spontaneous rate (SR)). Three fibers representing three
spontaneous rate/threshold classes (low, medium, and high SR)
were simulated for each CF. An adaptive gain control similar to
that of (Geisler & Greenberg, 1986) scales instantaneous firing
rates according to the average input rms over the previous 4 ms so
as to replicate rate compression and the quasi-linear character of
fast amplitude modulations. Model parameters have been chosen
that best replicate population-wide interspike interval distributions
(PIDs) compiled from cat auditory nerve data (Cariani & Delgutte,
1996a). The model captures the response characteristics most
relevant to temporal coding and auditory form perception: 1) the
broadly-tuned nature of auditory nerve fiber responses at
moderate-to-high levels, 2) faithful replication of the levelinvariant forms of period histograms (Rose et al., 1971), impulse
(click) responses, and threshold tuning curves (Kiang et al., 1965),
and 3) rate saturation and the general spread of excitation at higher
stimulus levels (Kim & Molnar, 1979). In addition, the model
shows two-tone rate and synchrony suppression.

Stimuli
Waveforms were synthesized to match stimuli used in specific
psychophysical experiments of Kameoka and Kuriyagawa, i.e.
(Kameoka & Kuriyagawa, 1969a), fig. 5 and (Kameoka &
Kuriyagawa, 1969b), fig. 7. Stimuli of 500 ms duration (44.1 kHz
samples/s) were simulated at the specified levels: pure tone dyads
at 57 dB SPL per component and complex tone dyads (harmonics
1-6) at 41-57 dB SPL per component.

Interspike interval distributions
The ANF model produces an array of instantaneous-firing-rate
time series (post-stimulus time histograms, PSTHs). All-order
interspike interval distributions from each fiber were estimated by

311

All t-spacings

F0/2

C

F0
2F0 = 2f1-f2

2

f1/2

f2
f1

f2/2
1

50

75

150

300

600

Pitch (Hz)
Figure 1. Pitch multiplicity and salience estimation. A. PID in
response to two pure tones a fourth apart, 440 & 587 Hz. B.
Representative sub-harmonic interval sieves for estimating
pattern-saliences. C. Pitch map: observed distribution of
pattern salience values. Exponential interval weighting
window is not shown.
computing the autocorrelation of the PSTHs (binwith = 0.1 ms).
Interval distributions were weighted by SR fiber class and a
human CF-distribution to form a population-interval distribution
(PID) that serves as an estimate of the global all-order interval
statistics of the human auditory nerve (Cariani & Delgutte, 1996a).

Pitch salience estimation
Our working hypothesis is that the neural correlate of a periodicity
pitch percept involves a pattern of interspike intervals (e.g.
intervals at the pitch period (1/F0) and its multiples (n/F0, the
"undertone" series) rather than the relative number of intervals at
only the pitch period itself. We want to estimate the relative
pattern-strengths of different sets of interspike intervals that are
associated with different pitches. The estimation procedure
consists of two operations, the weighting of interspike intervals by
their respective durations and application of periodic sieve that
measures relative numbers of intervals associated with each pitch
(Fig 1).

Interval weighting
Although we desire to include intervals at multiples of pitch
periods in our analysis, a limit on the maximum interval duration
that is processed in a central autocorrelation analyzer is needed to
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Figure 2. Comparisons of simulation-based consonance estimates with psychophysical observations. A. Subjective ratings of consonance
("clearness" vs. "tubidity") of pure tone dyads with different frequency separations in 11 human subjects, Fig. 5 in (Kameoka &
Kuriyagawa, 1969a). B. Maximum pitch salience values for the same pure tone dyads computed from simulated auditory nerve
population-interval distributions. Lower ticks: semitone intervals; upper ticks: just intervals (3:2, 2:1, 3:1, 4:1) C. Subjective ratings of
absolute dissonance of complex tone dyads in 21 human subjects, Fig. 7 in (Kameoka & Kuriyagawa, 1969b). D. Maximum pitch
salience values for complex tones (harmonics 1-6) computed from simulations as a function of the F0 of the upper tone (root F0 always
440 Hz).

account for the lower limit of musical pitch (~ 30 Hz,
(Pressnitzer et al., 2001)), and the limited frequency resolution
of the system. Discounting the influence of successively longer
intervals achieves these effects. A neurocomputational
interpretation would be that the interval analysis mechanism
that subserves pitch has mostly only short time delays (< 33
ms) at its disposal. Simulations experiments with linear- and
exponentially-tapering weights that decline with interval
duration have suggested that an exponential decay with a time
constant tau of ~9 ms best models the decline of pitch salience
for periodicities below 100 Hz. The sharper the decay, the
lower the saliences of periodicities < 100 Hz. The present
model used CF-dependent taus: 100 Hz (.03s), 440 Hz (.016s),
880 Hz (.012s), 1320 Hz (.01s), and above (.009s).

Interval sieve
A dense set of periodic sieves (25-1000 Hz in 2 Hz steps) was
applied to duration-weighted interval histograms in order to
measure the relative pattern-strength of interval patterns
associated with different perceived pitches. Sieves counted all
bins that overlapped with the 100 us sieve holes. The salience
of a particular pitch is estimated by dividing the mean density
(intervals/bin) of pitch-related intervals in sieve-bins by the
mean density of the whole distribution (background).

Maximum pitch salience
The pitch with the maximum salience value amongst all
possible pitches is predicted to be the strongest pitch present
and the one is most likely to be heard (cf. (Parncutt, 1989)).
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The salience of this pitch produced by a given dyad or triad is
one measure of the degree to which one pitch predominates
over all other unrelated pitches. Harmonically-related pitches
share intervals at their common subharmonics (nonexclusive
allocation of intervals), so that their respective interval patterns
interfere the least vis-à-vis the salience measure, while
unrelated pitches reduce the salience of each other (because
interval peaks in one raise the mean (background) density for
the other). While the maximum pitch salience measure has its
limitations, it captures many of the qualitative properties of
"pitch fusion"(DeWitt & Crowder, 1987), "pitch unity", "tonal
unity" (Lipps, 1905), fundamental bass, and virtual pitch
strength (Parncutt, 1989).
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Maximum saliences observed for pure and complex tone dyads
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maximal salience is highest for unison and the octave
separations and lowest for separations near 1 semitone. In both
cases, there was strong correspondence between
psychophysical consonance ("clearness") and "absolute
dissonance" ratings experimentally obtained by Kameoka and
Kuriyagawa: r = 0.88 for consonances of pure tones and r = 0.97 for absolute dissonances of complex tones ((Kameoka &
Kuriyagawa, 1969b), Fig. 7). In most cases, our populationinterval model predictions followed those of K & K's
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harmonics and subharmonics (Terhardt et al., 1982). The
present simulation demonstrates that interval-based models of
low, "virtual" pitch can plausibly account for the consonance of
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relationship between frequency separations that give rise to
maximal dissonance and critical band phenomena (Plomp &
Levelt, 1965), these pitch fusion models may also predict
critical bandwidths. It thus remains to be seen whether a neural
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Chapter 13

Toward a Theory of Information Processing
in Auditory Cortex
Peter Cariani and Christophe Micheyl

13.1

Introduction

The primary goal of auditory science is to provide a full account of how humans and
animals hear sounds of all kinds: the sounds of everyday life, environmental sounds,
speech, and music. A comprehensive, neurally grounded theory of hearing is needed
that explains precisely how we hear what we hear. This chapter discusses cortical
function in the context of such a theory. The first half of the chapter (Sections 13.2
and 13.3) outlines the basic structure of hearing (what is to be explained) and the
various aspects of neural information processing that are needed for adequate explanations of auditory function (the terms of the explanations). The second half (Section
13.4) lists some of the fundamental outstanding experimental and theoretical problems that need to be solved.
The goal of auditory theory is to understand how the auditory system works as
an informational system. Once such a theory is finally formulated, such that a firm
understanding of the codes, computations, and their neuronal substrates is achieved,
then more effective therapeutic strategies for restoring auditory functions lost to
disease can be devised, and artificial devices that expand the sound analysis capabilities of our own natural auditory systems can be designed and built.
What would a complete theory of audition entail? Such a theory would identify
and account for the perceptual and cognitive informational functions that the auditory system carries out (Fig. 13.1), as well as the structure of subjective auditory
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Fig. 13.1 Complementary aspects of neural information processing that are essential for understanding how the auditory system works. Auditory theory seeks to explain auditory functions and
experiences in terms of neural codes, architectures, and information-processing operations. These
aspects can be compared with Marr’s (1982) division into computational, algorithmic, and implementational levels of description

experience (phenomenal states). Accounting for auditory functions in neural terms
involves identification of neural codes, neuronal architectures, and neurocomputational operations. Neural codes are the basic signals of the system that support
systematic internal representations of sound attributes. Neuronal architectures are
the neuronal hardware substrates that implement neural signal processing. The rubric
of architectures includes the composition and organization of neural elements, from
molecular, cellular, and anatomical structures and functions to patterns of interneural connections. Information-processing operations on internal representations
carry out transformations, analyses, and decisions that ultimately steer and switch
behavior. These aspects of the auditory system tell us how the system must be organized
so as to achieve its functions at any given time. However, an even fuller account of
audition also includes a historical understanding of how the system came to be. This
includes the ontogenetic, developmental processes that construct and modify the
auditory system over the life of the organism and the phylogenetic, evolutionary
processes that have shaped its structures and functions, from its first appearance in
ancient animals to its present-day form.
As with many other structure–function relations in biology, each aspect is complementary to the rest. A given function, being a set of relations, does not uniquely
determine the underlying structures and mechanisms that implement it. For example, auditory functions can potentially be carried out in different ways, using different neural codes, operations, and architectures that utilize different biophysical
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mechanisms. Conversely, although underlying molecular, cellular, and network
structures and biophysics constrain which codes, operations, and architectures are
possible, complete knowledge of underlying neuronal substrates does not necessarily directly lead to better understanding of the codes, operations, and architectures
that realize auditory functions.
Taken together, these complementary aspects of neural information processing
yield a comprehensive, systematic account of how the system works: what functions
it realizes, what kinds of internal signals and representations it uses, what processing
operations are carried out, as well as the neural network architectures and properties
of the neuronal system elements that are essential to its functioning. Such an account
would constitute a full mechanistic and neurocomputational model of auditory
structures, mechanisms, and functions.
Even so sweeping an account, however, would omit the phenomenal, subjective
aspect of hearing that we as conscious subjects experience directly when we hear a
sound. In the last two decades, there has been a resurgence of interest and investigation in the neuronal correlates of subjective experiences (Koch, 2004). The neural
correlates of consciousness (NCCs) involve the neuronal requisites for having
conscious awareness, while the neural correlates of the contents of consciousness
(NCCCs) involve the specific neural basis for particular experiences.
Although most empirical investigation and theory-building in this emerging field
of consciousness studies has involved the visual system, involving phenomena such
as visual masking, diverted attention, blindsight, and visual neglect syndromes
(Pollen, 2008), close auditory analogues of all these phenomena exist. Thus, there
is no reason why the neural basis of auditory experience cannot furnish comparable
insights into the neural basis for conscious awareness. What are the minimal, requisite
neuronal conditions for a sound to be consciously experienced (auditory NCCs),
and what patterns of neuronal activity correspond to which changes in auditory
experience (auditory NCCCs)? These are fundamental questions that are also
practically relevant for understanding the neurophenomenological basis of auditory
hallucinations and tinnitus.
A full theory of audition thus should explain the relations between sounds,
neuronal responses, auditory functions, and auditory experience (Fig. 13.2).
Psychoacoustics and psychology address questions concerning relations between
acoustic stimuli and auditory perception and cognition. Neurophysiology and computational neuroscience seek to characterize neuronal responses to sounds (system
identification) and to identify correspondences between neuronal responses and
auditory functions (neural coding) such that underlying information processing
principles that are utilized by the auditory system can be identified (reverse engineering). Lastly, one can point to a future field of auditory neurophenomenology
that would elucidate the structure of subjective auditory experience and formulate
neurophenomenal bridge laws that predict the dimensional structure and contents of
experience (NCCs and NCCCs) from neural activity patterns.
This chapter begins with the basic auditory functions that auditory theory seeks
to explain (Section 13.2) followed by discussion of the nature of such an explanation in terms of the codes, computational operations, and architectures that might be
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Fig. 13.2 Stimulus–response relations and neuropsychological states. Auditory psychophysics
involves modeling of stimulus–percept relations. Neurophysiological systems identification
involves prediction of the behavior of neural elements and networks as a function of the acoustic
stimulus. The neural coding problem involves identifying, through reverse engineering, which
aspects of neural response are causally related to informational (perceptual) functions.
Neurophenomenology involves identifying which aspects of neural activity are necessary and/or
sufficient to produce particular experiential states. Public and private measurements associated
with acoustic, neural, behavioral, and phenomenal states are listed in parentheses

involved (Section 13.3). Succeeding sections then take up outstanding problems and
fundamental questions about how the auditory system works and the role auditory
cortex might play in that process. These questions involve identifying the neural
codes operant at the cortical level and understanding the neurocomputational basis
for invariances and invariant transformations of auditory percepts as well as their
precision and robustness. This discussion seeks to present the fundamental scientific questions that auditory theory faces in as comprehensive and clear manner as
possible, to provoke deeper thinking for more comprehensive theory-building that
can guide experimental investigations. Unlike simple reports of empirical data,
which usually stand on their own, these ideas are necessarily exploratory and speculative, and are meant to widen rather than narrow the realm of possible mechanisms
for consideration.

13.2 What a Neurocomputational Theory of Auditory
Cortex Seeks to Explain
13.2.1

General Auditory Functions

The primary goal of a theory of audition is to explain auditory function. This first
entails a broad, ecological account of how the auditory system enhances the survival
and reproductive fitness of the organism and its lineage as well as specific accounts
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Fig. 13.3 Perceptual organization of auditory qualities and events. (Left) Grouping of auditory
qualities in objects and major factors that govern the fusion or separation of objects. (Right)
Grouping of events into streams and major factors that govern the fusion or separation of streams

of particular perceptual and cognitive functions that the auditory system realizes,
such as detection, discrimination, object and stream formation and separation, analysis, and recognition of sounds. These specific functions include representation and
discrimination of different physical aspects of sounds, such as periodicity, spectrum,
intensity, duration, and their spatial relationships to listeners. They also include
auditory functionalities related to inferences about the auditory scene (how many
independent sound sources and the properties of the individual sounds) as well as
learned past experiences of sound that have been retained in memory: familiarity,
hedonic preference (euphonious vs. unpleasant attributes), category (e.g., phonetic
class, or for absolute pitch possessors, pitch class), sound source identity (what
speaker, musical instrument, animal, or natural process has produced a given
sound?). These functions all provide critical information about environmental sound
sources that facilitate their recognition. Auditory functions support more appropriate
and effective responses to environmental events.
A comprehensive theory of auditory cortical function should explain how perception
of different qualities of sound (pitch, timbre, loudness, duration, location) is subserved
by neuronal cortical representations and mechanisms. How do human and animal
listeners discriminate fine differences to differentiate sounds and generalize similarities to recognize categories of sound? How does auditory theory account for the
dimensional structure of auditory perception—the nearly complete independence of
different perceptual attributes? Such a theory should also explain why the auditory
scene has the organization that it does, such that separate objects and events are distinguished and their respective attributes grouped together. The auditory scene at any
given time contains a set of quasi-stable objects that have an organization in terms
of their respective attributes (Fig. 13.3). Analogously, there is a larger organization
of the auditory scene in time, in which longer temporal patterns of related events
cohere into unified patterns (e.g., rhythmic and melodic sequences), with their separation and fusion into streams (stream segregations and fusions).
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Basic auditory attributes are discussed first, followed by their organization in
terms of object representations, and the temporal organization of auditory events
and objects into streams.

13.2.2

Organization of the Auditory Scene

Perception has a strong dimensional structure, both at the level of different sensory
modalities and kinds of distinctions within each modality (Boring, 1942). In humans,
major sensory modalities include audition, vision, olfaction, gustation, balance and
orientation, proprioception, pain, thermoreception, flutter-vibration, pressure, as well
as a host of various interoreceptors. In turn, audition has a strong dimensional structure that is reflected in basic attributes of sound perception: loudness, pitch, timbre,
duration, and apparent location. There is also a higher-level organization of these
primitive auditory qualities in which some sets of attributes are grouped together in
objects (Fig. 13.3). At any present moment, auditory experience consists of a temporal
succession of perceived objects and events. Auditory scene analysis involves accounting for how the auditory system organizes incoming sound patterns into auditory
objects and events, each with its own set of associated perceptual attributes (Handel,
1989; Bregman, 1990). The general principles that underlie auditory perceptual organization were originally investigated by Gestaltist psychologists (e.g., Köhler, 1947),
and later came to be popularly known as the “cocktail party problem” (Cherry, 1966).
Such organizing principles play a particularly important role in structuring musical
experiences and expectations (Handel, 1989; Bregman, 1990; Snyder, 2000).
An auditory object is a representational structure that is a collection of stable,
quasi-invariant perceptual properties (attributes, features) that persist together over
time as a unitary entity. In contrast, an auditory event is a representation of a salient
change in the perceived auditory scene from one moment to the next that also has a
set of properties (attributes, features, contrasts) associated with it. Auditory objects
and events are mental constructs that may or may not correspond directly to particular, identifiable physical objects, sound sources, or sonic events in the external
world. Such constructs are produced by internal representational structures that are
implemented through organized patterns of neuronal activity.
A prime example of an auditory object is the perception of a single note played
by a musical instrument (the temporal stability of the note being emphasized),
whereas an example of an auditory event could involve perception of different, temporal aspects of the same note (the temporal succession of the note-object’s appearance and disappearance being emphasized). One can also consider the onset and
offset of the note as separate auditory events in and of themselves. Auditory events
are mental constructs typically produced by temporal acoustic contrasts that distinguish subsequent from preceding sound patterns. The perception of a discrete event
is itself the result of a temporal auditory grouping process. In most music, the onset
of each note is an individual auditory event. Event boundaries in speech can be more
fluid, where individual phonetic elements or rapid sequences of “chunked” elements
can constitute separate, unified events.
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Basic Auditory Qualities

Perceptual auditory qualities associated with each object or event can be grouped
under more general categories of pitch, timbre, location, loudness, and duration
(Fig. 13.3, left). In turn, each category can include one or more related perceptual
dimensions. Some attributes, such as loudness and duration, are one dimensional,
such that their qualities can be ordered in a monotonic, linear order. Location here
includes several spatial qualities of sounds that include the apparent direction,
extent, and range of the sound image in auditory space. Other qualities, such as
pitch and timbre, are multidimensional, having several related, but distinct aspects
that may be related to different underlying neural representations.
This high level division of auditory qualities is most obvious in musical contexts.
Operationally, pitch is that auditory quality that covaries with the frequency of pure
tones. Instruments are generally recognizable by their distinctive timbres, irrespective of the pitch, loudness, and duration of the notes played and of their position in
auditory space. Instruments that produce extremely different timbres can play notes
with the same recognizable pitches, and the pitches and timbres that they produce
are generally highly invariant with respect to sound intensity. Although extremely
short sound durations can alter perception of pitch, timbre, and loudness, these
qualities are highly invariant for longer durations (>50 ms). Whereas tonal music
typically involves melodic sequences of auditory events (notes) having varying pitches
with relatively fixed timbres, speech communication systems typically use sequences
of distinctive auditory events (phonetic elements) that have different timbres.
13.2.3.1

Loudness, Duration and Spatial Attributes

Each auditory quality has primary acoustical correlates. Loudness covaries monotonically with intensity, perceived duration with duration. Directionality in the
horizontal, azimuthal plane depends on interaural time-of-arrival and sound pressure level differences at the two ears. Perceived elevation depends on high-frequency
spectral notches that are characteristic of a listener’s pinnae. Many physical correlates of attributes associated with spatial hearing, such as apparent distance, source
width/extent, and enclosure size, are joint properties of sound sources and their
reflections (Ando & Cariani, 2009).
13.2.3.2

Pitch

Pitch is somewhat more complex in structure. Operationally, the pitch of a sound
is the perceptual quality that covaries with the frequency of pure tones, that is, it is
defined as the frequency of a pure tone to which the perceived pitch quality of given
stimulus is matched. Pitch is related to the dominant periodicity of sounds, the
repetition rate of a sound pattern. For pure tones this repetition rate is simply the
tone’s frequency; for complex tones this repetition rate is the fundamental frequency
(de Cheveigné, 2005).
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Arguably there are two closely related percepts that are associated with pitch,
here called “spectral pitch” and “periodicity pitch.” Differences in some of their
properties suggest that these percepts may be subserved by qualitatively different
neural representations. Pitch height is related to the perception of the absolute “lowness or highness” of a spectral pitch, and is monotonically related to the absolute
frequencies of dominant spectral components present in a sound.
Periodicity pitch is a quality related to the dominant periodicity of a sound, its
fundamental frequency, irrespective of its spectral composition. It is often also
called “virtual pitch,” “the low pitch of complex tones,” “F0 pitch,” “the pitch of the
(missing) fundamental,” or “musical pitch,” depending on context and theoretical
orientation.
Low-frequency pure tones evoke both spectral and periodicity pitch. Harmonic
stimuli, such as AM tones, can be constructed in which pitch height (which varies
with carrier frequency) and periodicity (which varies with modulation frequency)
can be independently altered. Both spectral and periodicity pitches support local
judgments of whether one pitch is lower or higher than another.
Pitch height and periodicity pitch appear to reflect different, independent acoustic
properties, that is, absolute frequencies vs. dominant periodicities, that are likely to
be mediated by different neuronal representations. At the level of the auditory nerve
spectral pitch appears to be based on cochlear place of maximal excitation, whereas
periodicity pitch appears to be based on spike timing information, most likely in the
form of population-wide distributions of interspike interval (Cariani & Delgutte,
1996; Cariani, 1999). The cochlear place representation runs the entire frequency
range of hearing (~50–20,000 Hz), whereas useable spike timing information in the
auditory nerve extends only up to the limit of significant phase locking, around 4–5
kHz. At the cortical level, changes in pitch height and periodicity-pitch chroma
produce neural activity in different local areas of human auditory cortex (Warren
et al., 2003).
Musical tonality appears to be related to periodicity pitch and the temporal
representation. Most listeners readily recognize octave similarities, musical intervals, melodies and their transpositions, as well as mistuned, and “off-key” or mistuned
“sour” notes for periodicities below 4–5 kHz, that is, within the existence region for
periodicity pitch. These distinctions all involve relative pitch, which involve recognitions of particular ratios of periodicities (see McDermott & Oxenham, 2008, for
discussion of cortical mechanisms and Section 13.4.4 for discussion of relative
pitch and melodic transposition). Although very crude melodic distinctions based
on pitch height contours can be made for sequences of pure tones above this frequency limit, in the absence of periodicity pitch, recognitions of melodies and musical intervals in this register are severely degraded. Whereas periodicity pitch is
highly invariant with respect to sound intensity, spectral pitch perception of highfrequency pure tones is notoriously level dependent, consistent with the notion that
the two types of pitch percepts depend, respectively, on temporal and cochlear-place
neural representations. Critical questions for auditory neurophysiology involve the
nature of neural coding transformations that give rise to cortical representations for
spectral and periodicity pitch.
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Pitch strength or salience is an intensive dimension of pitch that is related to the
apparent strength of a pitch. Pitch strength is analogous to color saturation in vision.
Bandwidth is the primary acoustical determinant of spectral pitch strength, whereas
waveform regularity/harmonicity and harmonic number are primary determinants
of the strengths of periodicity pitches. These factors been used to parametrically
vary periodicity pitch strength, such that one can identify cortical territories whose
neural populations respond differentially to stimuli that evoke periodicity pitches
(Patterson et al., 2002; Warren et al., 2003; Penagos et al., 2004).
13.2.3.3 Timbre
Timbre is perhaps the most complex perceptual category, with multiple dimensions
and acoustical correlates. Timbre is most clearly illustrated in musical contexts,
where it includes those qualities of sound that distinguish the same musical note
(i.e., of the same pitch, duration, and loudness) played by different instruments at
the same location. Some aspects of timbre depend on the gross power spectrum of
stationary sounds (e.g., spectral center of gravity, spectral tilt/brightness, formant
structure, and bandwidth), whereas other aspects depend on rapid modulations and
fluxes in amplitude, frequency, and phase of nonstationary sounds (Handel, 1989;
McAdams & Giordano, 2009).
In musical contexts, instrument resonances determine aspects of timbre related to
the power spectrum (tone color, brightness), while onset and offset dynamics (attack,
sustain, decay, tremolo), frequency fluxes (temporal successions of harmonics,
vibrato, noise components), and phase dynamics (chorus, flanger and phaser effects)
determine those aspects of timbre that are related to rapid changes in sound.
By this expansive definition of timbre, most phonetic distinctions in speech are
categorical timbral distinctions. Phonetic distinctions in atonal languages either
involve the gross power spectra of stationary sounds (vowels) or amplitude and
frequency transients (consonants). In tonal languages, pitch levels and contours are
also used alongside timbral differences to distinguish phonetic elements.
Whereas timbral space associated with stationary spectral distinctions is relatively well understood, the structure of timbral space associated with transient
changes in amplitude, frequency and phase has not been systematically characterized. As with pitch, the multiplicity of timbral qualities may be associated with
different aspects of neural patterns of response.

13.2.4

Formation of Auditory Objects and Events

Auditory perception consists of more than just elemental perceptual qualities—
there is an organization of perceptual attributes within the “auditory scene” in which
neural representations associated with particular sound components are grouped
together to form representations of unitary auditory objects or events (Handel, 1989;

360

P. Cariani and C. Micheyl

Bregman, 1990). The auditory scene at any particular moment can contain multiple
auditory objects, with each object having its own set of associated perceptual and
cognitive attributes (loudness, duration, location, pitch, timbre plus higher-order
cognitive attributes) that group together (Griffiths, Micheyl, and Overath, Chapter 8).
Common harmonic structure and common onset time are the two strongest
factors that respectively cause sets of frequency components to fuse into unified
auditory objects and events (Fig. 13.3, bottom left). In comparison, the sound
parameters associated with location, duration, and loudness produce a much weaker
basis for grouping. Common harmonic structure means that the sound patterns and
internal early temporal representations of groups of harmonically related frequency
components form repeating, periodic patterns. Common onset of components means
that the simultaneous sound patterns, whether harmonic or inharmonic, will produce the same frequency–time pattern of spike timings and firing rates. This generates a characteristic timbre for the auditory event. Thus when the same components
recur at a later time, the common onset grouping has a similar timbral and pitch
representation. When frequency components have neither common harmonic structure nor common onset, the mixture is inharmonic and the representations of their
sound patterns do not fuse, such that multiple pitches may be heard. Thus, one can
hear out the notes of several musical instruments playing at the same time, provided
that the notes are not harmonically related and their onsets are not strictly synchronized. In such cases when the notes form separate objects and events, their respective qualities (pitch, timbre, loudness, duration, and location), can be heard, such
that individual instruments can be identified by the timbres of the individual notes.
On the other hand, some sounds (multiple broadband noises or harmonic complexes
with the same fundamental frequency) fuse together into one auditory object. To the
extent that different sounds have separate internal representations, they have separate sets of perceptual attributes; to the extent that they are fused together into a
single representational object, their attributes become blended together. Thus the
auditory scene is perceived as containing multiple auditory objects each with its
own set of perceptual attributes.

13.2.5

Grouping of Events into Streams

Related auditory events in turn are grouped into distinct associated patterns called
streams (Handel, 1989; Bregman, 1990). In a manner analogous to the formation
and separation of objects, neural mechanisms group recurring patterns of events and
sequences of similar events (e.g., common pitch, timbre, duration, location) into
streams. Each stream has attributes related to the relations between the events of the
stream (Fig. 13.3, bottom right). Melody is a temporal pattern of pitch changes that
coheres together as a unified, recognizable sequence. If the notes are too short (<100
ms) they blend together; if they are too long (>2–3 s), only one note is retained in
echoic memory and the pitch pattern is not perceived. Similarly, rhythm is a temporal pattern of the onsets and offsets of related events that are grouped together into
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a stream. Like melody, if the events are too closely spaced temporally, they fuse
together, and the patterns of intervening time intervals are lost. If the events are too
far apart, only individual events are perceived and no pattern is established. Although
longer patterns of events do not cohere into palpable rhythms, repeating sequences
of events on a wide range of timescales can be recognized after several cycles have
been heard.
On all timescales, repeating patterns of sound and their evoked auditory events
build up strong representational expectancies of their continuation (Snyder, 2000;
Winkler et al., 2009). The effect is created even with arbitrary and highly artificial
repeating sound patterns. Whatever the constancies or changes, repeating sequences
build up strong auditory expectations of their continuation. When sequences deviate
from their previous repeated patterns, a perceptually salient expectancy violation is
produced.
A great deal of music relies on the creation of musical tonal and rhythmic expectancies and their violations (Handel, 1989; Bigand, 1993; Zatorre and Zarate,
Chapter 10). The push–pull of violation-induced tension and the confirmation of
expectancies lies at the basis of “emotion and meaning” in complex, program music
that is meant for intent listening (Huron, 2006). Such expectancy violations create
distinct neural signatures (Trainor & Zatorre, 2009), such as the mismatch negativity (MMN) (Näätänen et al., 2007) and other responses (Chait et al., 2007). Thus far,
it appears that any perceptible deviation from an expected pattern, such as changes
in loudness, pitch, timbre, duration, or event timing, creates a delayed mismatch
negativity response. Such negativities are also seen for cognitive expectancies: linguistic syntactic and semantic violations as well as deviations from musical expectancies (Patel, 2008). The various negativity responses differ in their latencies
relative to the time of the violation, a reflection of the neuronal populations involved
and their interconnections with auditory cortical populations. These response similarities that involve different types of perceptual and cognitive attributes suggest the
existence of general cortical mechanisms for the buildup of temporal pattern expectancies and their comparison with incoming temporal sequences.

13.2.6

Cognitive Dimensions

In addition to basic perceptual auditory attributes, there are also additional, cognitive
aspects of sounds that are related to internal representations and past experiences.
Representations associated with these cognitive dimensions may have their own
grouping and comparison mechanisms that involve both auditory and nonauditory
centers. These dimensions include:
• Categorical perception. Sound objects and events can be recognized as categorical
tokens in learned symbol systems (e.g., phonetic elements in speech, pitch classes
for possessors of absolute pitch).
• Mnemonics. A sound can be perceived as familiar or unfamiliar, depending on
whether it interacts strongly with specific short-, intermediate-, or long-term
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memories. Such memories also encode learned statistical dependencies between
sounds.
Semantics. Sounds can acquire meaning from previous experience. Sounds can
be associatively linked with perceived objects and events, such that subsequent
presentation and recognition engages association-related neural anticipatoryprediction mechanisms.
Pragmatics. Sounds are also experienced in the context of the internal goals and
drives, such that sounds can acquire relevance for goal attainment and drive
reduction (e.g., a dinner bell).
Hedonics. A sound can be experienced as pleasant, neutral, or unpleasant.
The hedonic valence of a sound can be related to purely sensory factors (e.g.,
grating or very high pitched sounds) or learned associations (e.g., the sound of a
bell that precedes a shock).
Affective dimensions. Beyond simple pleasantness or unpleasantness, sounds and
sound sequences can induce particular emotional states.

13.3 Toward a Neurocomputational Theory of Auditory
Cortex: Auditory Codes, Representations, Operations,
and Processing Architectures
The previous section outlined major features of auditory perception and cognition
(“what we hear”) that a full theory of information processing by auditory cortex
should ultimately explain. Explanation of “how we hear what we hear” is framed
here in terms of neural representations, operations, and processing architectures.
Identification of the neural correlates of the basic representational dimensions and
organizations of auditory perception and cognition is a critical step in development
of a working theory of auditory cortex. The Gestaltist concept of neuropsychological
isomorphism (Köhler, 1947) is a useful working hypothesis, that is, that every
dimension of auditory perceptual function and experience reflects the dimensional
structure of underlying neural representations and information-processing operations
on which it depends. If so, then not only do neural representations and computations
explain the structure of perception and of experience, but these structures also provide
strong clues as to the nature of the underlying neuronal processes.

13.3.1

Neural Codes

Neural codes involve those aspects of neuronal activity that play functional and
informational roles in the nervous system, that is, they are specific patterns of activity
that switch the internal states, and ultimately the overt behavior of the system (Rieke
et al., 1997). Many different kinds of neural pulse codes are possible (Cariani, 1995),
and whole catalogs of possible neural codes and evidence for them have been
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discussed and collated in the past (Perkell & Bullock, 1968). Neural coding of
sensory information can be based on discharge rates, interspike interval patterns,
latency patterns, interneural discharge synchronies and correlations, temporal spikeburst structure, or still more elaborate cross-neuron volley patterns. In addition,
sensory coding can be based on the mass statistics of many independent neural
responses (population codes) or on the joint properties of particular combinations of
responses (ensemble codes).
Amidst the many ways that neural spike trains can convey sensory information
are fundamentally two basic ideas: “coding-by-channel” and “coding-by-time”
(Fig. 13.4, top). Channel-based codes depend on the activation of specific neural
channels or of configurations of channels. Temporal codes, on the other hand,
depend on the relative timings of neural discharges rather than on which particular
neural channels respond how much. Temporal codes can be based on particular
patterns of spikes within spike trains (temporal-pattern codes) or on the relative
times-of-arrival of spikes (time-of-arrival codes).
13.3.1.1

Channel-Based Coding Schemes

Many different channel-based coding schemes are possible. Such schemes can range
from simple, unidimensional representations to low-dimensional sensory maps to
higher dimensional feature detectors. In simple “doorbell” or “labeled line” systems,
activation (or suppression) of a given neuron signals the presence or absence of one
particular property. In more multipurpose schemes, neurons are differentially tuned to
particular stimulus properties, such as frequency, periodicity, intensity, duration, or
external location. Profiles of average discharge rates across a population of such tuned
elements then convey multidimensional information about a stimulus. When spatially
organized in a systematic manner by their tunings, these elements form sensory maps,
in which spatial patterns of channel activation can then represent arbitrary combinations of those stimulus properties. In lieu of coherent spatial order, tuned units can
potentially convey their respective channel identities through specific connections to
other neurons beyond their immediate neighborhood. More complex constellations of
properties can be represented via more complex concatenations of tunings to form
highly specific “feature detectors.” In the absence of coherent tunings, combinations
of idiosyncratic response properties can potentially support “across-neuron pattern
codes” of the sort that have been proposed for the olfactory system.
Nevertheless, idiosyncratic across-neuron patterns and associative learning
mechanisms present fundamental difficulties in explaining common strong perceptual equivalence classes that are shared by most humans and are largely independent
of an individual’s particular history. Although these various functional organizations, from labeled lines to feature detectors to across-neuron patterns, encompass
widely diverse modes of neural representation, all draw on the same basic strategy
of coding-by-channel. In channel-coding schemes, it is usually further assumed that
distinctions between alternative signal states are encoded by different average discharge rates. The combination of channel- and rate-based coding has remained by
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Fig. 13.4 Basic types of neural pulse codes. (Top) Division of codes into channel codes, temporal
pattern codes, and relative latency codes. The three types are complementary, such that combination
codes can be envisioned (e.g., marking of channels by particular spike patterns, spike latencies, or
firing order rather than average rate). (Bottom) Schematic illustration of different code types.
Channel codes convey information via patterns of marked channels (*), whereas temporal codes
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far the dominant neural coding assumption throughout the history of neurophysiology
(Boring, 1942), and, consequently, forms the basis for most of our existing neuralnetwork models.
Within channel-coding schemes, aspects of the neural response other than rate,
such as relative latency or temporal pattern, can also play the role of encoding alternative signal states Combination latency-place and spatiotemporal codes are shown
in Fig. 13.4. In a simple latency-channel code, channels producing spikes at shorter
latencies relative to the onset of a stimulus indicate stronger activation of tuned
elements. Patterns of relative first-spike response latencies can encode stimulus
intensity, location, or other qualities (Eggermont, 1990; Brugge et al., 1996; Heil,
1997). Temporal, channel-sequence codes have also been proposed in which the
temporal order of neural response channels conveys information about a stimulus
(Van Rullen & Thorpe, 2001).
Common-response latency, in the form of interchannel synchrony, has been proposed as a strategy for grouping channels to form discrete, separate objects (Singer,
2003). In this scheme, rate patterns across simultaneously activated channels encode
object qualities, whereas interchannel synchronies (joint properties of response
latencies) create perceptual organization, which channels combine to encode which
objects. The concurrent use of multiple coding vehicles, channel, rate, and common
time-of-arrival permits time-division multiplexing of multiple objects. Still, other
kinds of asynchronous multiplexing schemes are possible if other coding variables,
such as complex temporal patterns and temporal pattern coherences, are used
(Emmers, 1981; Cariani, 2004; Panzeri et al., 2009).
13.3.1.2 Temporal Coding Schemes
Characteristic temporal discharge patterns can also convey information about
stimulus qualities. Neural codes that rely predominantly on the timings of neural
discharges have been found in a variety of sensory systems (reviews: Cariani, 1995,
1999, 2001b, 2004). Conceptually, these temporal codes can be divided into timeof-arrival and temporal-pattern codes (Fig. 13.4).

Fig. 13.4 (continued) convey information via patterns of spikes (bars). In rate-place codes, acrossneuron firing rate patterns of tuned elements convey information (e.g., coding of stimulus power
spectra via rate profiles of frequency-tuned neurons). Temporal pattern codes use temporal patterns
among spikes, such as distributions or sequences of interspike intervals, to convey information
(e.g., coding of periodicity pitch via all-order interspike interval distributions). Time-of-arrival or
relative latency codes use relative arrival times of spikes to convey information (e.g., coding of
azimuth via spike timing disparities between left and right auditory pathways). They also can use
distributions of timings of spikes with different latencies following some common initial event
(vertical bar) to encode the selective activations of various neuronal assemblies that have different
response latencies (L1–L4)
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Time-of-arrival codes use the relative times of arrival of spikes in different
channels to convey information about the stimulus. Examples of time-of-arrival
codes are found in many sensory systems that utilize the differential times of arrival
of stimuli at different receptor surfaces to infer the location of external objects (von
Békésy, 1967; Carr, 1993). Strong examples are auditory localizations that rely on
the time-of-arrival differences of acoustic signals at the two ears, echolocation range
findings that rely on time-of-arrival differences between emitted calls and their
echoes, and electroceptive localizations that use the phase differences of internally
generated weak electric fields at different locations of the body to infer the presence
of external phase distortions caused by nearby objects.
Temporal pattern codes, such as interspike interval codes, use temporal patterns
between spikes to convey sensory information. In a temporal pattern code, the internal patterns of spike arrivals bear stimulus-related information. The simplest temporal pattern codes are interspike interval codes, in which stimulus periodicities are
represented using the times between spike arrivals. More complex temporal pattern
codes use higher-order time patterns consisting of interval sequences (Emmers,
1981; Abeles et al., 1993; Villa, 2000). Like time-of-arrival codes, interval and
interval-sequence codes could be called correlational codes because they rely on
temporal correlations between individual spike-arrival events. Temporal pattern
codes should be contrasted with conceptions of temporal coding that rely on temporal variations in average discharge rate or discharge probability. These temporal-rate
codes count spikes across stimulus presentations as a function of time and then
perform a coarse temporal analysis on changes in spike rates.
Both time-of-arrival and temporal-pattern codes for conveying sensory information depend on spike timing patterns that are characteristic of a given stimulus attribute. The stimulus-related temporal discharge patterns on which temporal-pattern
codes depend can arise in two ways: through direct stimulus locking and through
stimulus-triggered, intrinsic-time courses of response (i.e., characteristic impulse
response forms of receptors, sensory peripheries, and central neuronal assemblies).
Some temporal codes permit signal multiplexing (Cariani, 1995, 2001b, 2004;
Panzeri et al., 2009), such that different types of information can be transmitted
concurrently over the same axonal transmission lines.

13.3.2

Neural Representations

Neural representations are patterns of neural activity that provide systematic means
of encoding a set of informational distinctions. From psychoacoustic studies and
our own direct experiences as listeners, there appear to be informational structures
that provide for systematic representation of parameters that are associated with the
basic auditory qualities of loudness, duration, location, pitch, and spatial hearing
(directionality, apparent size). The concept of the neural code emphasizes the specific aspect of neuronal activity (e.g., firing rates, spike correlation patterns, relative
latencies), whereas the concept of a neural representation emphasizes the systematic
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nature of the distinctions being conveyed. For example, the neural representation of
sound direction relies on a spike timing code based on relative latency at the level
of the auditory brain stem, but the cortical representation might be based on patterns
of spike rates or first spike latencies across direction-tuned neural populations
(Brugge et al., 1996). The existence of coherent internal representations for different
aspects of sounds is inferred from the systematic nature of perceptual judgments,
and the relative independence of judgments related to these different aspects. For
example, two very different sounds, in terms of spectrum and periodicity, can
nevertheless be compared in terms of their loudness, apparent location, and duration. Although there can weak interactions between these dimensions, for most
low-frequency hearing involving speech and music, the dimensions are remarkably
independent. The different, independent representations are the presumed basis for
the dimensional structure of the percept space.
Although many different kinds of neurophysiological and neuroanatomical findings suggest that particular kinds of representations are likely to be utilized by the
auditory system, the only way that one can reliably test whether a given pattern of
neural activity serves as the informational vehicle for some perceptual or cognitive
function is to attempt to predict the percepts experienced directly from the neural
data. If the putative neural codes and representations can be used to successfully
predict specific patterns of perception and cognition, given additional neuroanatomical and neurocomputational constraints, then this constitutes strong evidence
that the system itself is utilizing information in this particular form.

13.3.3

High-Level Information-Processing Operations

To realize perceptual functions, the auditory system carries out operations on the
encoded information in representations. These operations transform patterns of
neural activity that bear information (codes and representations) into decisions that
then select subsequent action. Sets of information processing operations thus realize
perceptual and cognitive functions such as
• detections (e.g., judgment of presence or absence of a sound pattern, “feature
detections” of all sorts)
• comparisons or discriminations (e.g., estimating the similarity of two sounds,
how they are alike or different, distinguishing two different pitches or note
durations)
• classification and recognition (e.g., classification of phonetic elements, recognition of a familiar word or voice)
• anticipatory predictions (e.g., producing expectations of what sounds will occur
next based on what has occurred before, on multiple timescales)
• object/stream formation and separation (e.g., hearing out individual voices from
a mixture)
• tracking of objects/streams (e.g., following the apparent direction of a moving
sound source)
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• attention (e.g., focusing on particular objects, streams or aspects of sounds,
enhancement of some representations and suppression of others)
• “evaluation,” (e.g., assessing the relevance of a given sound to survival, reproduction, or more specific, current goals)
These information processing operations are carried out by neurocomputational
mechanisms that are discussed in the next section. Many mechanisms for comparing
sound patterns and attributes involve memory mechanisms on different timescales.

13.3.4

Low-Level Neurocomputations

Neurocomputations are processes on the level of individual neurons that carry out
the most basic signal processing operations. Examples of basic neurocomputations
include:
• thresholding operations (e.g., spike generation)
• spike addition and temporal integration (i.e., spatial and temporal summation of
excitatory inputs)
• subtraction (excitatory vs. inhibitory inputs)
• coincidence detection (spike multiplication)
• anticoincidence (spike disjunction via coincidence detection with excitatory and
inhibitory inputs)
• time delay (synaptic delay, conduction delay, inhibitory rebound)
• membrane threshold accommodation (high-pass filtering, onset detection)
• spike-pattern generation (e.g., bursting patterns)
• axonal spike-train filtering (via activity-dependent conduction blocks)
• synaptic functional modification (e.g., spike-timing-dependent plasticity)
Out of these and other biophysical processes, signal processing elements such as
leaky integrators, coincidence detectors, and onset detectors can be constructed.
From combinations of these basic sets of computational primitives, even more complex operations can be realized.
A useful, concrete example can be found in the basic neurocomputational operations in the auditory brain stem that subserve auditory localization from acoustic
interaural time-of-arrival differences. Here the neural code is a spike timing (relative latency) code that is a consequence both of differences in sound arrival time at
the two ears and of phase-locking of low frequency components. A binaural crosscorrelation operation is carried out in the auditory brain stem using axonal delay
lines, precisely timed inhibition, and coincidence detection in bilaterally symmetric,
bipolar neurons. Thus, utilizing biophysical mechanisms and dedicated, specialized
neuroanatomical structures, this neural architecture implements a binaural cross
correlation operation that supports systematic representation of the horizontal plane
in auditory space.
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Neural Architectures

A neural architecture is an organization of neural elements, including their
interconnections and element response properties, which provide the anatomical and physiological substrate needed to implement basic neurocomputations.
In turn, these neurocomputations realize information-processing functions, and
ultimately perceptual and cognitive functions. Each kind of neural coding
scheme requires a compatible neural architecture (what circuit organizations
and element properties are available) for its implementation. Thus the question
of the nature of neural codes that are operant in auditory cortex is intimately
related to the question of the nature of the neurocomputations that are realized
by the neural populations in auditory cortex.
What kind of neural information processing architecture is auditory cortex?
There are several broad alternatives: rate-place connectionist architectures with or
without spatial maps, synchronized or oscillatory connectionist architectures, time
delay neural networks, or timing nets. The relative uniformity of cortical organization suggests that one basic architectural type handles all different kinds of incoming information, albeit with plastic adjustments that depend on the correlation
structure of the inputs. Within the constraints given by coarse genetic specifications,
the stimulus organizes the fine structure of the tissue. In all of these neural network
types, network functions can be adaptively modified by changing synaptic efficacies
and other biophysical parameters. Given this plasticity, it is almost certain that auditory cortex configures itself in different ways according to the different kinds of
information that are determined by connections to other parts of the system (sensory
surfaces, subcortical afferent pathways, descending pathways, other cortical and
subcortical populations). It is conceivable that auditory cortex can support several,
perhaps all, of these alternative processing organizations.
13.3.5.1

Connectionist Architectures

Rate-place connectionist architectures are neural networks in which all processing
involves analysis of firing rate profiles among neural channels (“units” or “nodes”).
The cerebral cortex is commonly regarded as a large recurrent connectionist Hopfield
network whose informational states are N-dimensional vectors that represent the
firing rates of its neural elements (e.g., Trappenberg, 2002). Because firing rates are
scalar quantities, all informational distinctions must be made via different combinations of neural channel activations. Thus, the most basic assumption of connectionist systems is channel-coding (which channels are activated how much).
In a connectionist network, the signals emitted by each channel are “labeled” by
virtue of their specific intranetwork connectivities that in turn determine their simple and
complex tuning properties. In auditory cortex, neurons are thought to convey different
kinds of information depending on their various tuning properties, such as selectivity for
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Fig. 13.5 Functional connections of auditory cortex to auditory pathway and the rest of the brain.
(Left) Major levels in ascending and descending auditory pathways. Except where noted, numbers
associated with auditory structures indicate numbers of neurons in the squirrel monkey auditory
system (Chow, 1951). (Right) Major projections between auditory cortex and other brain structures, along with their basic functions. Connections between these structures and subcortical auditory pathways have been omitted

frequency, periodicity, sound location, bandwidth, intensity, or their modulations.
The various tuning properties of a given neuron in turn depend on how it is connected to
other neurons in the auditory system and other parts of the brain (Fig. 13.5).
In this vein, a number of studies have used linear system-identification techniques to characterize the time-frequency tuning properties of cortical neurons in
terms of spectrotemporal receptive fields (STRFs) (e.g., Miller et al., 2002). Ideally,
one should be able to use STRFs to predict the running firing rates of characterized
neurons, ensembles, and populations to novel, complex stimuli. In practice, many
neural elements behave unpredictably, with nonlinear responses that can change
dynamically depending on recent stimulus history (Fritz et al., 2003).
There has been an ongoing debate about the nature of cortical processing
elements, whether they are rate-integrators that are more compatible with connectionist schemes, or coincidence detectors operating on some kind of temporal code.
If the functioning of auditory cortex does in fact depend on channel-coding schemes
that use elements with relatively fixed receptive fields, be they dense or sparse, one
might a priori expect the elements to have more reliable behavior (less discharge rate
variance). On the other hand, all optimality arguments about neural codes and architectures are very risky to invoke at this point, before a reasonably firm grasp of how
the system works has been attained. Given multitudes of neural elements, pooling of
firing rate information via statistical population codes could potentially reconcile this
apparent incongruity (see Section 13.4.2), but concrete mechanisms for pooling this
information have yet to be identified. So far, no definitive answer has emerged.
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Perhaps even more challenging for connectionist networks are problems of
simultaneously representing and analyzing multiple auditory objects and event
streams. More flexible kinds of networks are clearly needed to handle the combinatorics of multiple objects and their associated attributes. Temporal correlations
between spike patterns (von der Malsberg, 1994) and emergent synchronies between
spikes (Singer, 2003) could serve to bind together various feature detector channels
that would group together corresponding attributes of auditory and visual objects.
Synchrony-based grouping mechanisms have been the focus of much neurophysiological study in the visual cortex, albeit with equivocal correspondences with
perception. Along similar lines, synchronized oscillations of neural firing have been
proposed as auditory mechanisms for grouping channel-coded features and separating multiple sounds (Wang, 2002).
13.3.5.2

Oscillatory Networks

Neuronal oscillations have long been considered as potential mechanisms for informational integration (McCulloch, 1951; Greene, 1962). Stimulus-driven, stimulustriggered, and endogenous, intrinsic oscillations are widespread in the brain
(Buzsáki, 2006). Stimulus-driven oscillations follow the time structure of the stimulus, whereas stimulus-triggered oscillations, although evoked by an external stimulus, have their own intrinsic time courses that can also convey information about the
stimulus (Bullock, 1992; Thatcher & John, 1977). Emergent, stimulus-triggered
oscillations have been observed in olfactory systems and in the hippocampus, where
spike latencies relative to oscillatory field potentials plausibly encode respectively,
odor qualities (Laurent, 2006) and positional information relevant for navigation.
These kinds of phase- or latency-based codes can either support marking of specific
subsets of channels or ensemble-wide readouts of complex temporal patterns of
response latency (Fig. 13.4). General purpose oscillatory-phase-latency codes for
encoding signals and rhythmic-mode processing mechanisms for integrating multimodal information have been proposed (Schroeder & Lakatos, 2009).
Despite widespread evidence for oscillatory coupling of many neuronal populations
it is not yet clear whether the various gamma, theta, and alpha oscillations that are seen
in cortical populations play obligatory or specific informational roles as either temporal
frameworks for phase-precession codes or channel-grouping mechanisms. Instead, the
oscillations might be general signs of neuronal activation that co-occur when neurons
are excited and information is being processed, but have little or no specific informational function. For example, gamma rhythms in cortical populations are reflections of
excitatory and inhibitory dynamics of pyramidal and basket cells that appear when
cortical pyramidal cells are maximally driven, but there appears to be little or no information conveyed in specific oscillatory frequencies. In some cases stimulus detection
thresholds are lower when stimulus presentations are timed to coincide with recovery
phases of oscillations, but this may simply reflect the larger numbers of neurons available and ready to respond at those moments. Here oscillations play a somewhat more
tangential, facilitating role vis-à-vis neural coding and information processing.
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Perhaps the field can learn from its history. In the past an intriguing “alpha
scanning” mechanism was proposed as a substrate for computing form invariants
(McCulloch, 1951), but this hypothesis was severely undermined by the relative ease
that alpha rhythms can be disrupted at will without major perceptual or cognitive
consequences. Today critical experiments likewise need to determine whether phaseresets or abolition of oscillations using appropriately timed stimuli, such as clicks,
flashes, shocks, or pharmaceutical interventions can significantly disrupt functions.
Experiments along these lines could clarify what dependencies exist between neural
information processing mechanisms and the stimulus-driven, stimulus-triggered, and
intrinsic oscillatory neurodynamics of neuronal excitation, inhibition, and recovery.
13.3.5.3 Time-Delay Neural Networks, Synfire Chains, and Timing Nets
Thus far, both traditional connectionist networks and synchronized, oscillatory, and/
or temporally gated connectionist network assume channel coding of specific stimulus attributes. In the early auditory system, however, many stimulus distinctions
appear to be conveyed by means of temporal codes.
Time-delay neural networks can be used to interconvert time and place (channel)
patterns. In essence, any fixed spatiotemporal spike volley pattern can be recognized and produced by implementing appropriate offsetting time delays within and/
or between neural elements. Classical time-delay networks used systematic sets of
synaptic and axonal transmission delays embedded in arrays of coincidence detectors to convert temporal patterns to activations of specific channels. These include
temporal correlation models for binaural localization (Jeffress, 1948), periodicity
pitch (Licklider, 1959), and binaural auditory scene analysis (Cherry, 1961).
Modulation-tuned elements can be also used to convert time to place, and periodotopic maps consisting of such elements have been found in the auditory pathway
(Schreiner & Langner, 1988). These maps form modulation spectrum representations of periodicities below 50 Hz that can usefully subserve recognition of consonantal speech distinctions and rhythmic patterns. Although neural modulation
spectra have been proposed as substrates for periodicity pitch, modulation-based
representations for pitch break down when confronted with concurrent harmonic
tones (e.g., two musical notes a third apart).
Synfire chains (Abeles, 2003) and polychronous networks (Izhikevich, 2006) are
time-delay networks in which spatiotemporal channel activation sequences are propagated. These are distinct from both connectionist and time-delay networks in that both
channel and timing are equally important. Information is encoded in the spatiotemporal trajectory of spikes through the system. Because each trajectory depends on
specific interneural delays and synaptic weightings, it is unclear how stimulus invariances and equivalences might be realized this way. However, one of the major potential
advantages of synfire and polychronous networks is their ability to multiplex signals.
In these networks a given neuron can participate in multiple synfire chains and
polychronous patterns, and this mutual transparency of signals drastically simplifies
the neurocomputational problems of representing multiple attributes and objects.
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Timing nets are a third general type of neural network that are distinct from both
connectionist networks and time-delay networks (Cariani, 2001a, 2004). Whereas
connectionist networks operate entirely on channel activation patterns, and timedelay networks convert temporal patterns into channel activations, timing nets
operate entirely in the time domain. Timing nets are similar to time-delay neural
networks in that they consist of arrays of coincidence detectors interconnected by
means of time delays and synaptic weights. Whereas both types of networks have
temporally coded inputs, the outputs of timing nets are also temporally coded rather
than by channel.
Simple timing nets have been proposed for analysis of periodicity and spectrum
and for grouping and separation of auditory objects. Feedforward timing nets act as
temporal pattern sieves to extract common spike patterns among their inputs, even if
these patterns are interleaved with other patterns. Such operations elegantly extract
common periodicities and low-frequency spectra from two signals, for example,
recognizing the same vowel spoken by two speakers with different voice pitches
(different fundamental frequencies [F0s], same spectra) or different vowels spoken by
the same speaker (different spectra, same fundamental frequencies). Such networks
can also be used to separate out and recognize embedded and interleaved temporal
patterns of spikes, an important property for multiplexing of multiple temporal pattern
signals and for complex, multidimensional temporal representations. Timing nets
illustrate how processing of information might be achieved through mass statistics of
spike correlations rather than through highly specific connectivities.
Recurrent timing nets consist of delay loops and coincidence elements that carry
circulating temporal patterns associated with a stimulus (Cariani, 2001a, 2004; see
also the recurrent neural loop model of Thatcher & John, 1977). The nets in effect
multiply a signal by its delayed version to build up and separate multiple repeating
temporal patterns that are embedded in the signal. The auditory system readily separates multiple musical notes whose fundamental frequencies (F0s) are separated by
more than 10% (e.g., nonadjacent notes on the piano). Such note combinations have
embedded within their waveforms two different patterns that have different repetition times (fundamental periods). The time-domain filtering operations carried out
by the delay loops act roughly like comb filters to produce two sets of signals that
resemble the individual vowel waveforms. In neural terms, they separate the two
vowels on the basis of invariant temporal patterns of spikes rather than by segregating and binding subsets of activated periodicity or spectral feature channels. In
doing so, they provide an example of how auditory object formation based on harmonic, periodic structure could occur at very early stages of auditory processing,
before any explicit frequency and periodicity analysis takes place. On larger timescales, such networks can build up and separate repeating, complex rhythmic patterns as well (Cariani, 2002).
Feedforward and recurrent timing nets were developed with temporal coding of
pitch and auditory scene analysis in mind. Because they operate on temporal patterns of spikes that are not evident at the level of auditory cortex, neural timing net
mechanisms for periodicity pitch analysis and F0-based sound separation would
likely need to be located at earlier stages of auditory processing, possibly dynamically
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facilitated by descending projections to thalamus and midbrain (see discussion of
reverse-hierarchy theory in Section 13.3.6.2). Because coarser temporal patterns
of spikes associated with onsets and offsets of auditory events are present in cortical
stations, recurrent timing mechanisms could exist at those levels to carry out coarser
temporal pattern comparisons whose violations produce mismatch negativities.

13.3.6

Functional Roles of the Auditory Cortex

In considering the functional role of the human auditory cortex vis-a-vis the rest of
the brain, it is useful first to summarize some general principles that govern brain
organization and function.
13.3.6.1

General Principles of Brain Organization and Function

In cybernetic terms, brains can be seen as adaptive, goal-directed percept-action
systems. Sensory systems gather information about the surrounding world (sensory
functions). Cognitive representations and operations evaluate incoming sensory inputs
and prospective actions in the context of previously acquired knowledge. Motor systems
carry out actions on the world (motor functions). Coordinative linkages, from simple
reflex arcs to much more complex circuits, link percepts and cognitive representations
to actions. Motivational goal systems steer perception and action toward satisfaction of
immediate needs, while anticipatory and deliberative systems analyze the deeper ramifications of sensed situations and plan prospective actions (executive functions) that
satisfy longer range goals. Evaluative reward systems judge the effectiveness of sensorimotor linkages vis-à-vis goals and adaptively modify neural subsystems to favor
behaviors that fulfill drive goals to avoid those that are detrimental to survival. Affective
and interoceptive systems provide a running estimate of the state of the organism that
influence choice of behavioral alternatives (e.g., fight/flight). Mnemonic systems retain
associations between sensory information, internal deliberations, sensorimotor
sequences, and rewards for later use by steering mechanisms that take into account
anticipated consequences of action alternatives (rewards and punishments).
These different functionalities are subserved by different subcortical and cortical
neuronal populations (Mesulam, 2000). Cerebral cortical regions are involved in
sensory, motor, coordinative sequencing, anticipatory, and executive functions. The
cerebellum involves real-time motor adjustments and control of sensory surfaces.
Hypothalamus and amygdala are involved with fixed drives and affect-based modulation of behavior. Dopaminergic predictive reward circuits reconfigure the system
to incorporate new goals. Basal ganglia structures steer attention and switch action
modes to address current, salient goals, providing linkages between limbic-generated
goal states and cortical sensorimotor processing.
Some basic principles exist for cortical organization. Within general neuroanatomical plans that are specified through genetic guidance of developmental processes, most large-scale patterns of cortical functional connectivity can be understood
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through the interaction of correlated external inputs, internal reward signals,
existing interneural connectivities, and the action of activity-dependent biophysical
mechanisms that alter them.
The first maxim is “cortex is cortex,” meaning that different cortical regions have
roughly the same cell types and general organization, albeit with varying relative cell
densities and connectivities among and within the cortical layers. A second is that the
“stimulus organizes the tissue” such that the dominant inputs to a given region alter
the fine structure and function of the tissue according to the correlational structure of
its inputs and outputs vis-à-vis effective action. The functional organization of
unimodal cortex is largely determined by the afferent inputs and ultimately by the
organization of sensory and motor surfaces. Thus, auditory cortex has several fields
that are coarsely cochleotopically organized, in parallel with retinopic organization
in visual cortex, and somatotopic organization in somatosensory cortex.
A third organizing principle is that there is an ongoing competition for cortical
territory that is mediated by the strength of both incoming information and internal
evaluative reward signals. The strongest, most internally rewarded inputs come to
dominate the responses of a given region over time. When normal sensory inputs to
a patch of cortex are silenced, other weaker inputs are strengthened (by sprouting
and synaptic proliferation, stabilization, and strengthening). Provided that they play
a useful functional role such that they are internally rewarded, such weak inputs can
then come to dominate responses.
A fourth rule-of-thumb is that connectivities between neural populations are
almost invariably reciprocal, such that recurrent loops are norm rather than exception. “Everything is connected” by such recurrent loops, that is, there are multisynaptic pathways that provide reciprocal connections between any two neurons in the
system. Because “neurons that fire together wire together” even arbitrary long-range
reciprocal connections can be made and stabilized. Lastly, lateral interconnections
are mostly local and short range. These connectivity patterns lead to cortical convergence zones that handle confluences of different types of sensory information
(Damasio & Damasio, 1994), provided that the different types of information correlate in a functionally meaningful way (internally rewarded). Cortical regions that
operate on similar kinds of information and/or perform similar tasks therefore tend
to be clustered together spatially. Much of the large scale functional topography of
cortical regions may ensue from these basic principles (e.g., dorsal paths for localization leading to body and extrapersonal space maps in the parietal lobe, ventral
paths for object recognition leading to regions in the temporal lobe, hemispheric
colocalizations of related, time-critical functions).
13.3.6.2

Conceptions of Auditory Cortical Function

The auditory cortex receives incoming sensory information from the ears via ascending afferent auditory pathways, and controls the information it receives through
descending, efferent pathways that modulate neural activity at every level of
processing (Fig. 13.5; Winer, 1992; Clarke and Morosan, Chapter 2). The auditory
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cortex has reciprocal connections with other cortical regions involved with object
recognition and classification (temporal lobe), analysis and production of sensorimotor sequences (premotor frontal regions), expectancy and decision making
(frontal regions), body space (parietal regions), as well as with uni- and multimodal
cortical regions associated with other sensory systems.
By virtue of its connections to the auditory pathway and to other functionally
related cortical and subcortical (limbic, basal ganglia) areas, auditory cortex is strategically situated to coordinate processing of auditory information for a number of
organism-level purposes. These purposes include monitoring changes in the environment (alerting functions), separating sound objects and streams (perceptual
organization), detecting and discriminating relevant sounds (discriminatory functions), recognizing familiar sounds (classificatory and mnemonic functions), locating relevant sound sources (orienting functions), decoding speech communication
signals (phonetic, syllabic, and word classification and sequence analysis functions), providing feedback for sound production processes, and self-regulation of
internal state (e.g., use of music to regulate mood, affect, pleasure, arousal).
Currently two broad conceptions exist concerning the role of auditory cortex visà-vis lower stations (perspectives often heavily shaped by whether one has investigated the system at subcortical or cortical levels). The first conceives of auditory
cortex as the culmination of the auditory pathway, the stage at which all incoming
auditory information is organized and analyzed. Here auditory cortex is the nexus
for fine-grained representations of sound that are used for auditory functions. In this
sequential-hierarchical feedforward view, it has been assumed that “higher level
functions” such as recognition of phonetic tokens and the organization of the auditory scene take place at the cortical level after a basic frequency and spatial hearing
analysis has been first carried out by lower stations.
A second, emerging perspective conceives of auditory cortex as a control system.
In vision this has been termed “the reverse hierarchy theory” (Ahissar & Hochstein,
2004). The main purpose of such a control system is not as a repository of finegrained representations. Rather, it is to organize information processing in “lower”
circuits at thalamic, midbrain, brain stem, and even perhaps cochlear levels by
means of descending connections that can release inhibitory controls. This disinhibitory control may be similar in function to the double-inhibitory mechanism by
which in basal ganglia activity release inhibition to bias activity patterns in cortical
motor areas toward particular actions (movement initiation, switching) and to bias
sensory areas to facilitate particular signals (attention). The system in effect chooses
its own inputs contingent on its immediate interests.
The representations needed for such a control system do not necessarily need to
be as precise as perceptual acuities if the cortex can access fine-grained temporal
information at lower stations when needed. When presented with a task requiring
attention and fine discrimination, the cortex could potentially pose the question to
lower levels by setting up (by disinhibition) dynamic neural linkages that facilitate
and hold the informational distinctions that are needed. This theory has the merits
that it is consistent with the massive descending pathways that are present in both
the auditory and visual systems, and it also provides some explanation as to how
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fine-grained temporally coded information might be used by central stations in the
auditory system, yet not be present in precise and overt form. It is consistent with
relatively recent evidence that cortical activity may modulate lower level processing
even as far down as the brain stem, on both short- and long-term timescales
(Tzounopoulos et al., 2004; Lee et al., 2009).

13.4
13.4.1

Fundamental Issues and Open Problems
Identifying Neural Codes and Representations
at the Cortical Level

Perhaps the most fundamental open problem at the cortical level is to identify the
specific neural codes that subserve different perceptual and cognitive representations, such as pitch, timbre, location, and loudness (Phillips et al., 1994; Brugge
et al., 1996; Furukawa & Middlebrooks, 2004; Bendor & Wang, 2005; Bizley &
Walker, 2010; Hall and Barker, Chapter 7). Cortical representations related to pitch
and rhythmic pattern are most important for music (Zatorre and Zarate, Chapter 10),
whereas those related to timbral, phonetic distinctions are most important for speech
communication (Huetz et al., 2011; Giraud and Poeppel, Chapter 9). The nature of
cortical codes places strong constraints on neural mechanisms for higher-level
informational integration, in the specific processes that form auditory objects and
streams (Shamma & Micheyl, 2010; Griffiths, Micheyl, and Overath, Chapter 8), in
the integration of auditory representations with those of other senses (van
Wassenhove and Schroeder, Chapter 11), and in the utilization of auditory information for action (Hickok and Saberi, Chapter 12). This section lists and briefly
describes some of the most important unresolved issues concerning the nature of
auditory codes and representations that apply generally to all of the aforementioned
problem domains of basic auditory constituents, music, speech, auditory scene analysis, multimodal representations, and sensorimotor integration.
13.4.1.1

Rate, Channel, and Time Codes

Because of their prominent and abundantly documented tonotopic organization, the
peripheral and central auditory systems have often been conceived as an ensemble
of labeled-line frequency channels, such that profiles of average firing rates across
tonotopic axes provide a central, general-purpose representation of the stimulus
power spectrum. Similarly, cortical units whose average firing rates covary with
many other acoustic parameters, such as periodicity, intensity, duration, amplitude
and frequency modulation, bandwidth, harmonicity, and location have been found.
This leads to the hypothesis that representation of the auditory scene at the cortical
level is simply a matter of analyzing average firing rate profiles among a relatively
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small number of neural subpopulations that encode feature maps. Such coding
schemes work best with elements that have stable receptive fields, with sensitivity
to only one or two acoustic parameters. Complicating this picture, however, is the
problem of disentangling the multiple parameters that can influence any given neuron’s firing rate, especially if multiple auditory objects are simultaneously present.
A strong case can be made that the central representations for both periodicity
pitch and spectral determinants of timbre are ultimately based on population-wide
interspike interval statistics at early stages of auditory processing (Palmer, 1992;
Cariani & Delgutte, 1996; Cariani, 1999; Ando & Cariani, 2009). Although individual neurons and neuronal ensembles in lightly and unanesthetized auditory cortex can phase lock up to stimulus periodicities of several hundred Hz (Fishman
et al., 2000; Wallace et al., 2002), most cortical neurons do not go above 30–40 Hz
(Miller et al., 2001). Thus, the direct, iconic temporal-pattern codes for pitch and
timbre that predominate in the auditory periphery and brain stem appear to be
largely absent at the cortical level, necessitating some form of coding transformation (Wang, 2007). The most specific neural correlates of pitch found to date in
auditory cortex instead involve specialized subpopulations of neurons whose firing
rates are tuned to particular periodicities (Bendor & Wang, 2005). Questions of how
peripheral timing patterns might be transformed in the central auditory system to
give rise to such cortical pitch detectors are still unresolved.
However, other types of temporal codes that are based on the relative latencies of
spikes rather than stimulus-driven temporal patterns are possible at the cortical
level. Neurons in A1 appear to encode stimulus onset timing very precisely in their
response latencies (Heil, 1997; Phillips et al., 2002). Representations can be based
on latency differences across units (i.e., latency-place) codes, or dynamic latencycoding schemes (Heil, 1997). For example, the loudness of an abrupt, short duration
tone can be encoded by the temporal dispersion of first-spike responses over a population. Multiplexed sparse distributed temporal codes (Abeles et al., 1993; Villa,
2000; Panzeri et al., 2009) in which periodicity-related spikes are interspersed with
those encoding other kinds of perceptual information (timbre, spatial attributes)
may exist in auditory cortex (Chase & Young, 2006) in some covert form that is
difficult to recognize. Some evidence exists for precise temporal sequences of spikes
that are related to perceptual functions (Villa, 2000). Because the latency of these
sequences can vary from trial to trial, they may be smeared in poststimulus time
histograms.
13.4.1.2

Sparse-Efficient versus Abundant-Redundant Codes

With the advent of information theory and its application to neuroscience and
psychology, the degree of redundancy of neural responses at various levels of
processing within sensory system has become a key issue in the analysis of neural
representations. Horace Barlow proposed that neural representations of stimuli
become less and less redundant at each successive processing stage within sensory
systems (Barlow, 1961). In this context, the question of whether representations at
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the level of auditory cortex are in some sense less redundant than the representations
at lower levels of the auditory system has been raised (Chechik et al., 2006).
Another important question related to coding redundancy concerns the “sparseness”
of neural representations. One way to characterize sparseness involves counting
how many neurons in a population are active during the presentation of a stimulus,
and how many are quiescent (Hromadka et al., 2008, Bizely et al., 2010). If only a
relatively small number of neurons are active (e.g., <10%), the neural representation
of the considered stimulus is said to be sparse. Another approach to sparseness
involves counting how many spikes each neuron produces in response to a stimulus.
In theory, sparse representations are desirable because they are more energetically
efficient. The downside, of course, is reduced resilience to individual-component
failure, or malfunction.
If sound representations in auditory cortex are efficient, and sparse, one may
wonder why there should be so many more neurons at the cortical level, compared
to lower stations in the auditory system. One possible answer to this question is that
auditory cortex has many other functions besides the efficient representation of
sound. In particular, it may have to perform complicated computations on multiple
auditory representations that in turn need to be registered and coordinated with
information provided by other sensory modalities (DeWeese et al. 2005, van
Wassenhove & Schroeder, Chapter 11). Several recent studies have identified neurons in auditory cortex whose responses are modulated by nonauditory influences
(Bizley & King, 2008; Kayser et al., 2008; Panzeri et al., 2009).
While questions of how and to what extent the redundancy of neural representations vary as one ascends the auditory pathway, perhaps the more fundamental question is why this should be so in the first place. From a functional point of view, lower
redundancy makes for more efficient coding in an information-theoretic sense. On
the other hand, in the face of abundant sources of both internal and external noise,
redundancy also plays a critically important role in enhancing reliability. Therefore,
one would expect a well designed neural information–processing system to achieve
a judicious balance between efficiency and redundancy.
It is possible that Barlow’s coding hypothesis is not testable given our current
level of understanding of neural coding at the cortical level. A pervasive problem
with optimality arguments in biology is that one does not know a priori for what
specific functions the system has been optimized, and what constraints (structural,
developmental, evolutionary) have shaped it. Optimality analysis will rest on much
firmer ground once the basic operating principles of the system (codes, computations, functions) are better understood and various design trade-offs can be more
realistically assessed.
13.4.1.3

Coding of Features versus Objects

Neurons in primary and secondary auditory cortex have been found to respond in
a selective manner to various sound “features,” such frequency sweeps (Tian &
Rauschecker, 1994), bandwidths (Rauschecker & Tian, 1994), or temporal and/or
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spectral modulation rates (Kowalski et al., 1996). However, many of these features
are already extracted and represented in some way in lower stages of the auditory
system. Thus, even though some important differences have been identified between
cortical and lower-level responses (e.g., in the broadness of tuning, the nonmonotonicity of rate-level functions), it is tempting to think that there must be more to
auditory cortex function than just the extraction and representation of disjoint
features. This leads to the notion that auditory cortex may be a place where representations of various sound features are conjoined in a meaningful way to form
representations of auditory objects (Nelken et al., 2003). Empirical evidence for the
representation of auditory objects, or streams, and not just features at the level of
auditory cortex, however, still remains very limited. One line of evidence comes
from the results of several single-unit electroencephalography (EEG), magnetoencephalography (MEG), and functional magnetic resonance imaging (fMRI) studies,
which concur to indicate that neural responses in primary and/or secondary auditory
cortex reflect auditory streams (Shamma & Micheyl, 2010; Shamma et al., 2011;
Griffiths, Micheyl, and Overath, Chapter 8). Another line of evidence that neural
responses in auditory cortex reflect not just physical stimulus properties, but also the
perceptual organization of these features into objects, comes from EEG studies that
have identified a wave (the “object-related negativity”), which appears to depend
specifically on whether listeners hear out a mistuned component in an otherwise
harmonic complex as a separate object (Alain and Winkler, Chapter 4). Although
these findings provide important hints that auditory cortex does indeed represent
auditory objects, additional research is needed to clarify the neural mechanisms
whereby representations of different sound features are combined to form representations of auditory objects at the level of auditory cortex.

13.4.2

The Hyperacuity Problem

For many perceptual discriminations, the most highly tuned receptive fields of neural
elements are typically much coarser—by one to two orders of magnitude than the
finest distinctions that can be made by the organism as a whole. The problem of
accounting for this apparent discrepancy, which exists in nearly every sensory
modality, is known as the hyperacuity problem (Rieke et al., 1997). A striking
example of hyperacuity problem in the auditory modality relates to the relationship
between neural frequency selectivity and behavioral frequency discrimination. Justnoticeable differences (JNDs) in the frequency of moderate-level pure tones below
2 kHz can be as small as 0.1–0.2% (Moore, 1973). At 1 kHz, this corresponds to a
frequency difference of about 1 Hz. In contrast, at moderate sound levels the firingrate response bandwidths of auditory neurons at all stations in the pathway are typically on the order of large fractions of an octave (Evans et al., 1992). Although there
have been recent reports of “ultrafine” frequency tuning at the single-unit level in
human auditory cortex (Bitterman et al., 2008), the frequency JNDs that were estimated based on such tuning (around 3%) are still an order of magnitude larger than
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the smallest JNDs that can be achieved by human listeners. The usual “solution” to
this discrepancy assumes that the latter do not rely on rate-place representations, but
rather on temporal information, that is, phase locking. However, because phaselocking decreases sharply at successively higher auditory stations (Cariani, 1999),
this type of explanation is unlikely to apply at the level of auditory cortex. Thus,
either behavioral frequency discrimination is determined below cortex, or sufficiently precise neural representations of pure-tone frequency must exist at the level
of auditory cortex that can account for the exquisitely small JNDs that are observed
in humans and other animals.

13.4.3

The Invariance Problem

Typically, many auditory attributes can be highly invariant with respect to changes
in sound parameters. A prime example is perceptual invariance of low-frequency
sounds with respect to stimulus intensity. Although the loudness of sounds invariably increases monotonically as a function of sound pressure level, for lowfrequency sounds the same sound presented at different levels is recognizably
similar in pitch, timbre, duration, and location. For high-frequency tones, however,
pitch and timbre are much more labile.
These perceptual invariances are obtained despite profound changes in both
absolute and relative neural firing rates at all levels of auditory processing. Cortical
sound-responsive neurons with nonmonotonic rate-level functions are quite common, which greatly complicates population-based explanations of level-invariant
percepts and equivalence classes (Tramo et al., 2005). It is one of the main reasons
that coherent rate-based tonotopic spatial organization is only seen only at low
sound pressure levels near neural response thresholds and breaks down at higher
levels (Phillips et al., 1994). Ironically, level-invariant, rate-based frequency tunings
have been observed in marmoset cortex for high-frequency pure tones (Sadagopan
& Wang, 2008), the very stimuli for which human pitch percepts are the least invariant with respect to level.
A second example of invariance is the relative stability of pitch, timbre, loudness, and location with respect to sound duration. This stability generally holds for
durations longer than 50–100 ms. For shorter time periods, pitch strength, timbre,
and loudness can change dramatically with duration. A third major invariance is the
relative stability of pitch, timbre, loudness, and duration with respect to soundsource location relative to the listener.
Related to perceptual invariances are perceptual equivalence classes. Sounds
consisting of low-frequency, resolved harmonics that have different phase spectra
(and consequently waveform envelopes) nevertheless are indistinguishable.
Harmonic, low-frequency sounds having the same fundamental frequency almost
invariably produce the same low pitch at the fundamental, despite profound differences in spectral content. Pitch equivalence classes are especially important in music,
where various instruments with differing spectral and dynamic characteristics play
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the same notes that evoke the same pitches. This pitch equivalence is what permits
different types of instruments to readily serve as tuning references for each other.
Octave equivalences produce pitch chromas that form the foundation for tonal pitch
classes in music theory. That these same broad pitch equivalence classes extend to
fundamental frequencies well beyond the range of human voices, and that they are
shared by a phyletically broad range of animal listeners strongly suggests that they
are integral products of basic auditory mechanisms for analysis and separation of
sounds rather than the products of ontogenetic associative learning or recent evolution. At the level of the auditory nerve, pitch and octave equivalence falls out of
common features in all-order interspike interval codes (Cariani & Delgutte, 1996;
Cariani, 1998, 2002), whereas at the cortical level pitch equivalence may be manifested by the responses of periodicity-tuned neurons (Bendor & Wang, 2005).

13.4.4

The Transformation Problem

In vision, within limits, shapes remain perceptually invariant, such that they can be
recognized when translated, rotated, and magnified with respect to retinal coordinates. This was known to the Gestaltists as form invariance under transformation.
Despite the large changes that occur in retinotopic patterns of activity, the representations of these shapes nevertheless retain essential, relational aspects that are used
to judge similarity and to support recognition. In audition and the temporal sense,
three analogous invariances exist for pitch relations, timbral relations, and temporal
event relations. These are, respectively, transpositional invariance for melodies and
chords, timbral invariance of for vowels spoken by different speakers, and tempo
invariance for rhythmic patterns.
Melodies are temporal sequences of pitched-events. Transpositional invariance is
illustrated by the common observation that musical melodies can be identified even
after they are transposed into a different key or register (frequency range).
Transpositional invariance involves the ability to recognize a melody on the basis of
relative pitch relations, irrespective of the absolute fundamental frequency of the
beginning note. The operation of transposition multiplies all frequencies by a
constant factor, thereby retaining the same frequency ratios and proportionalities.
Recognition of transposed melodies is highly reliable if the melody is familiar and/
or harmonically well structured (i.e., “tonal”), and transposed notes all bear the same
frequency ratios (i.e., in musical terms, if musical intervals are preserved), but is
much weaker and conditional if only pitch contours (patterns of up–down transitions
of successive pitches) are retained (Handel, 1989; McDermott & Oxenham, 2008).
Chords can also be transposed. Chords are multiple notes played together.
The type of a chord (e.g., major vs. minor vs. diminished or augmented) is determined by the musical intervals (frequency ratios) between its constituent notes.
With a little exposure, human listeners can distinguish different types of consonant
and dissonant chords irrespective of the absolute note frequencies that constitute
them. The existence region for transpositional invariance of melodies and chords
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parallels that for musical tonality. Transpositional invariance, being based on
musical intervals, appears to be associated with periodicity pitch, and may therefore
ultimately depend on properties of temporal, interspike interval codes for periodicity pitch in early auditory processing.
Timbral invariance involves ability to recognize common timbral qualities despite
changes in absolute acoustical parameters. Perception of phonetic distinctions in
speech is relatively invariant with respect to the considerable acoustical variations
that are produced by different speakers with different vocal tract sizes. In early studies of vowels, phoneticists found that male and female productions of the same,
perceptually equivalent vowels have different absolute formant frequencies, but
relatively more similar formant ratios. Interestingly, sensitivity to formant ratios has
recently been observed in MEG responses to synthetic vowels in auditory cortex
(Monahan & Idsardi, 2010). Vowel normalization is an operation that produces a
more invariant representation by taking into account formant ratios (F2/F1, F3/F2,
F3/F1) and/or formant-voice pitch ratios (F1/F0, F2/F0, F3/F0). In the auditory
nerve, the most intense harmonic in each formant region dominates the interspike
intervals that are produced (“synchrony capture”), such that the temporal representation of vowels resembles that produced by a small number of harmonically related
pure tones (Delgutte & Kiang, 1984). The formant frequency ratios that may determine the different timbral categories of vowels are thus not unlike the tonal frequency ratios that constitute different musical intervals and chords (see also the
timbral intervals discussed in McAdams & Giordano, 2009). Thus, similar kinds of
mechanisms conceivably subserve the transpositional invariances of musical intervals, chords, melodies, and even vowel timbres.
Tempo invariance involves the ability to recognize a rhythmic or melodic pattern
when played at different speeds. As long as the time intervals between notes are
neither too short nor too long (roughly, 0.1 s < I < 2 s), the temporal pattern invariance holds as long as the time intervals are all changed proportionately.
Invariance under transformation is a fundamental unsolved problem for computational neuroscience (von der Malsberg, 1994; Wiskott, 2006). In the late 1940s,
Pitts and McCulloch proposed neural networks to carry out both visual (translation,
magnification) and auditory (melodic transposition) transformations (Pitts &
McCulloch, 1947; McCulloch, 1951). Their representational model used diagonally
crossing sets of projections on logarithmic retinotopic and cochleotopic cortical
place maps to implement “shifter” circuits that would recognize angle and frequency
ratios. However, if the underlying neural representations instead involve temporal
patterns of spikes, then time-warping of these patterns, that is, stretching or compressing time intervals by a constant factor, can provide a general solution to the
three auditory invariances (Boomsliter & Creel, 1962). The different temporal
regimes associated with the three transformations would likely require processing at
different levels. Fine-grained temporal information needed for recognizing harmonic ratios for recognitions of musical intervals and vowels is ubiquitous in early
auditory stations, whereas coarse-grained temporal information for recognizing
rhythmic patterns of events also exists over large portions of cerebral cortex
(Thatcher & John, 1977).
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Temporal Integration and Auditory Memory Mechanisms

Processing of sounds and sound sequences occurs over different time regimens that
span echoic memory integration windows for pitch and timbre, and loudness
summation, intermediate duration windows for melodic and rhythmic pattern integration, and still longer temporal windows for large-scale recurring patterns
(Snyder, 2000, 2009; Trainor & Zatorre, 2009). When performing sequential matching
tasks, human listeners can easily hold precise memories of pitch, timbre, loudness,
location, and other auditory qualities for several seconds provided that subsequent
distractions do not intervene (Demany & Semal, 2007). In musical contexts, tonal
and rhythmic expectations can persist over even longer durations (Patel, 2008).
To appreciate the complex interplay of multiple memory processes, one has only to
think of an extended piece of tonal symphonic music, with its many excursions
to and from tonal centers, metrical frames, and melodic motifs (Bigand, 1993).
The nature and locations of the various memory traces remain to be identified
(Fritz et al., 2005), and their workings likely depend on the nature of the neural
codes that are involved. For example, rate-place codes might entail persistently
active subsets of neurons that encode particular features, whereas temporal codes
might utilize reverberatory circuits that maintain temporal patterns of activity over
time. Adaptation of neural responses over different timescales (ranging from milliseconds to several tens of minutes) likely plays an important role in the representation of temporal sound sequences in auditory cortex (Ulanovsky et al., 2004), and
may potentially explain many aspects of music and speech perception.

13.4.6

Neural Requisites for Conscious Auditory Awareness

A great deal of progress has been made in the scientific study of the neural basis of
consciousness over the last decade. The best current theories of the neural requisites
of awareness involve the necessity of recurrent activation patterns for a given stimulus to become supraliminal (Lamme, 2006). Currently there is debate about whether
recurrent corticocortical or thalamocortical activation of modality-specific pathways
are sufficient (albeit without the ability for overt report), or whether recurrent activation patterns need also to include frontal and/or parietal regions as well. Recurrent
activation of frontal regions results in systemic recurrence for support of global
workspaces, while parietal activation of body/self maps may be essential for “ownership” of percepts (Pollen, 2008) or for providing a requisite level of attentional gain
through associated basal ganglia circuits. Recurrent activation may facilitate attainment of a threshold degree of informational complexity (Tononi & Koch, 2008) or it
may support dynamic regeneration of neuronal signals necessary for supporting
sustained, stable systemic informational states in the first place (Cariani, 2000).
The vast majority of neurophysiological and psychophysical studies have involved
visual experience, but any truly general theory of the neuronal basis for awareness
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needs to apply to other kinds of sensory experience as well. This makes the auditory
system an ideal testing ground for theories developed using examples from vision.
In the last decade striking auditory analogues to visual neglect syndromes and blindsight have been reported (Garde & Cowey, 2000, Clarke & Thiran, 2004). As in
vision, it appears that body space representations in the parietal lobe must be engaged
for auditory percepts to enter awareness, and also that the presence of auditory stimuli can be detected in the absence of direct experience of their qualities.
Many general and specific hypotheses concerning consciousness await investigation by auditory scientists. Is recurrent activation of frontal supramodal regions
either essential or sufficient for auditory experience? Does conscious auditory
awareness of an external sound event require completion of frontal–temporal feedback loop? Practically, to understand central tinnitus, one wants to identify the requisites for an endogenously generated neural pattern of activity to become part of
conscious awareness. Beyond restoring auditory discriminatory capacities, it is also
desirable to restore the subjective, felt texture of hearing in those who have lost or
never had it, for example, the restoration of the experienced sound qualities of
speech and music in cochlear implant users. Here a neurophenomenology that surveys the gamut of auditory experiences and identifies their neural correlates is a
prerequisite. Whether in pursuit of restorative therapies or basic knowledge, auditory neuroscience will eventually develop such a neurophenomenological theory
that will finally bridge the divide between our brains and our auditory experiences
to provide useful and meaningful answers to fundamental questions of what and
how we hear.

13.5

Summary

Although biological brains are impressively powerful informational engines, they
are neither omnipotent nor infinitely complex—and there is no reason to believe
that they cannot be understood by human minds properly equipped with the right
conceptual tools. If the information functions of auditory cortex are to be understood, neurocomputational theories and neurophysiological experiments need to
pay close attention to and strive to explain the large-scale structure of auditory
perception and cognition. Because not all aspects of cortical structure and neural
activity necessarily play critical roles in its informational functions, it is therefore
essential that the cortical neural codes that do play such roles be identified as early
as possible. As with the elucidation of the genetic code half a century ago, once the
signals of the system are identified, understanding of the rest of the functional
framework should quickly follow.
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