
 

Computational Models of Auditory Function

 

1

 

S. Greenberg and M. Slaney (Eds.)
IOS Press, 1999

 

1.    Introduction: Temporal Coding of Auditory Qualities

 

Pitch, timbre, and rhythm are basic auditory qualities that are fundamental to the percep-
tion of speech, music and environmental sounds. These perceptual qualities have much in
common: 

(1) they are very precise (subtle discriminations can be made), 
(2) they are largely invariant in the face of large changes in stimulus intensity, location in

auditory space, and background noise levels, and
(3) they are apprehended by a wide variety of animals.

A central goal for auditory physiology has always been to understand the nature of the
neural codes, representations and processing architectures that subserve these auditory form-
percepts. Many auditory physiologists and psychoacousticians have recognized the perva-
sive parallels that exist between auditory percepts on one hand and the temporal discharge
patterns of auditory neurons on the other. On many levels, the properties of neural represen-
tations based on the stimulus-locked character of neural discharge patterns (spike timings,
synchronicity, interspike intervals) mirror those common properties listed above. 

The strongest candidate neural codes for pitch at the level of the auditory nerve and
brainstem are those based on all-order, interspike interval distributions of populations of
auditory neurons (“population-interval distributions”). Historically a diverse array of models
and simulations has pointed to the use of interspike-interval information by the auditory sys-
tem in explaining the various pitches that are heard [33][34][37][39][43][56] as well as the
precision with which they can be discriminated [21][43][55]. While a large number of neu-
rophysiological studies of the auditory nerve have examined the interspike-interval corre-
lates of pitch perception and frequency discrimination, it has only been relatively recently
that population-interval distributions have been estimated from auditory-nerve data
[10][11][45]. In our own investigations [10][11], we found that features of population-inter-
val distributions estimated from observed responses of 50-100 single auditory-nerve fibers
of Dial-anesthetized cats closely parallel those of human pitch perception [10][11]. With
very few exceptions, the most frequent interval in the auditory nerve at any given time corre-
sponds to the pitch that is heard. Many complex pitch-related phenomena are readily
explained in terms of these population-interval distributions: the pitch of the missing funda-
mental, pitch equivalence, relative phase and level invariance, non-spectral pitch, pitch shift
of inharmonic tones and the dominance region. 

We have also observed empirically that patterns of major and minor peaks in population-
representations resemble those of their respective stimulus autocorrelation functions [9]. In
retrospect, it has become apparent that this similarity is a general consequence of the phase-
locking of neural discharges. Because phase-locked responses are found in many other sen-
sory systems, such as vision, mechanoreception, and electroreception, this finding has broad
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implications outside of the auditory system [4][7][47]. To the extent that a receptor system
produces neural discharges whose timings are highly correlated with stimulus time structure,
distributions of all-order interspike intervals resemble the stimulus autocorrelation function.
In the auditory system, by virtue of the phase-locking abilities of auditory neurons, popula-
tion-interval distributions provide very general autocorrelation-like representations for stim-
ulus periodicities up to the limits of phase-locking.

Population-interval distributions representations are also capable of representing the tim-
bres of stationary sounds, such as vowel quality [4][9][25][37][40][45]. Timbre is associated
with shapes of spectral envelopes, which manifest themselves in autocorrelation functions as
patterns of minor peaks (Figure 3). To the degree that each stimulus component produces
phase-locked discharges, it contributes its time structure to the population interval distribu-
tion. Consequently, in the auditory nerve, different vowels, with different sets of dominant
frequency components, produce population-interval distributions with characteristic patterns
of short intervals that reflect their respective formant structures. Changes in these popula-
tion-interval patterns closely follow vowel-identification boundaries [25].

Population-interval distributions thus appear to be capable of subserving a wide variety
of auditory qualities associated with pitch and timbre. These strong psycho-neural corre-
spondences beget questions of whether the central auditory system, in fact, utilizes this inter-
val-based information, and if it does use such information, how it uses it. Related to these
questions are still others that concern the fate of neural timing information as one ascends
the auditory pathway. Is the neural timing information that is so precise and robust and in
such abundance at the level of the auditory nerve converted to across-neuron patterns of acti-
vation in higher, central auditory stations? Or is the temporal structure preserved in some
way, perhaps in less synchronous and more spatially distributed form than is found in lower
stations? If temporal information is in fact available in central auditory stations at the level
of the midbrain, thalamus, and/or cortex, what kinds of neural processing architectures
would be needed to make use of it?

This paper explores some possible means by which neural networks might analyze dis-
tributed, population-based temporal representations of auditory qualities. For the most part
we will put aside for the present questions of where these neural networks might be con-
cretely located, in favor of more functionally oriented ones devoted to exploring their poten-
tial information-processing capabilities. Whether these kinds of neural computations are in
fact carried out in central auditory structures are empirical questions that can only be
answered through directed neurophysiological experiments. While a detailed understanding
of how the auditory portion of the brain works as an information-processing system remain
our ultimate goal, we can only direct our neurophysiological lenses effectively if we already
have some strong ideas of the kinds of neural computational mechanisms that might be pos-
sible.

 

2.    Time-to-Place Conversions

 

In the past virtually all of the temporal theories of hearing have assumed that the tempo-
ral information found at the level of the auditory nerve is converted to spatial patterns of acti-
vation somewhere higher in the auditory pathway. Many of the first neural networks that
were proposed for auditory computation, such as the Jeffress model for auditory localization
[27] and the Licklider duplex model for pitch perception [33], were time-delay neural net-
works whose purpose was to carry out this conversion. It was generally assumed that the out-
puts of such networks would then be analyzed via traditional, channel-coded connectionist
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networks in more central stations. For example, Licklider’s time-delay architectures [33][34]
converted temporal input patterns to spatialized autocorrelation profiles by means of delay
lines and coincidence detectors. However, sharply tuned autocorrelator-like periodicity
detectors have yet to be found in the auditory pathway. Likewise, neurophysiological investi-
gations in the auditory cortex have failed to find other kinds of simple pitch-detection units
[54]. The most promising evidence for a time-to-place transformation has involved the mod-
ulation-tuning properties of central auditory neurons [32][53]. However, modulation-tuning
tends to be relatively coarse, and to weaken at higher levels and in background noise
[48][49]. Moreover, as one ascends the auditory pathway to auditory midbrain, thalamus,
and cortex, best modulation frequencies (BMFs) generally decline, with progressively fewer
BMFs covering the periodicity pitch range (50-500 Hz). This shift towards lower BMFs par-
allels declines in average discharge rates and synchronization indices that are seen. Finally,
modulation-based representations, like first-order interval detectors, sometimes diverge from
the autocorrelation-like behavior that characterizes pitch judgments (e.g. de Boer’s rule for
pitch shifts of inharmonic complex tones). 

 

3.    Neural Timing Networks: Time-Time Comparisons

 

A second possible strategy for representing and analyzing auditory forms is to retain
temporal information in one form or another, and to perform comparisons between different
time patterns by observing their interactions. For example, one can detect extremely subtle
differences in frequency by binaural comparisons in which one listens for the presence of
binaural beats. A major question for such an approach concerns the availability of temporal
information to be analyzed. Unfortunately, the existence limits of neural timing information
in the auditory pathway are still not well established. Pitch-related temporal patterns are
omnipresent in the auditory nerve and cochlear nucleus [5][51] and are still quite evident in
the auditory midbrain [22][32]. Although neural interspike interval information present in
single units thins out dramatically as one proceeds from brainstem to thalamus to cortex, it is
nevertheless possible that the requisite timing information to support central time codes for
pitch and timbre exists in thalamocortical loops. Roughly half of all units encountered in
lightly-anesthetized auditory thalamus show significant phase-locking (synchronization
index > 0.3) to pure tones of 250-500 Hz, while roughly 10% phase-lock to 1-2 kHz tones
[20]. Response periodicities of several hundred Hz are observed in unanesthetized primary
auditory cortex [20][57]. To the extent that interspike interval information exists in many of
these stations, it remains precise, robust, and faithful to the autocorrelation-like behavior of
pitch. It is important to remember that the timing information present in the auditory nerve
far exceeds that required for human frequency discrimination [21][55]. Accordingly, only a
small fraction of the timing information available at the auditory nerve need be faithfully
transmitted and preserved for central auditory analyzers in order to realize the perceptual
capabilities that are observed for the organism as a whole. 

 If the interval-based information is indeed available in central auditory stations, what
kinds of neural networks are required for its analysis? Alongside traditional connectionist
networks and time-delay networks, neural timing networks can be envisioned that operate on
time structure in their inputs to produce interpretable temporal patterns in their outputs
(time-to-time mappings). Their closest precursors are simple functional models of neural
com pu t a t i on  f o r  wh i ch  fi n e  t i me  s t r uc tu r e  i s  o f  p r ima ry  impor t ance
[1][3][12][27][34][35][36][38][46][50][58]. Some of these precursors were themselves
inspired by the functional anatomy of cortical structures [3][50][58].
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4.    Simple Feedforward Timing Nets

 

Consider an array of coincidence detectors that have inputs from two sets of tapped delay
lines arranged in anti-parallel orientation (Figure 1). The configuration is reminiscent of both
the Jeffress binaural localization model [27] and the Braitenberg cerebellar timing model
[3]. Many relative delays are realized by the slow conduction times across the array such that
each position along the tapped delay line corresponds to a particular relative delay between
the input signals. Thus, all relative delays are realized up to the conduction time across the
array. Each coincidence detector requires nearly simultaneous arrival of a spike in both lines
in order to fire. Consequently, each spike in the output of the coincidence array represents
the joint occurrence of spike arrivals in the two inputs (or the multiplication of binary inputs,
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). A further consequence is that each interspike interval or higher-order spike
arrival pattern appearing in a given output channel must also be present in each of the two
inputs. Thus the array functions as a temporal sieve, passing those temporal patterns that are
common to both sets of inputs. Several basic computations can be carried out. First, the
cross-correlation function of the two inputs can be computed by counting the number of
spikes in each output channel as a function of relative delay. Their convolution can be com-
puted by summing across relative delay channels for each time step. Similarly, the summary-
or population-autocorrelation of the outputs can be computed by summing the autocorrela-
tions of each of the output channels. 

The conduction time across the array implements a temporal contiguity window: those
inputs that arrive within this time window interact, while those arriving at different times do
not. All intervals from each set of inputs that arrive within the temporal contiguity window
cross their counterparts, such that if one input has M intervals of duration, 
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Figure 1    Simple feedforward timing net consisting of an array of coincidence detectors and two sets of 
tapped delay lines through which input signals Si and Sj arrive.
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contiguity constraints, the coincidence array therefore performs a multiplication of the auto-
correlations of its inputs. 

The population-autocorrelation output of such a coincidence array is largely phase-
insensitive. Because all of the intervals in the two input lines arriving within the time win-
dow cross their counterparts somewhere in the array, the short-term temporal ordering of the
intervals within each incoming pulse train signal has little effect on the population-autocor-
relation of the output. This behavior is qualitatively similar to the phase-insensitive character
of auditory form perception: in general, we have great difficulty distinguishing pitches or
timbres of complex tones that differ only in their phase spectra. Temporal contiguity con-
straints also exist in pitch and timbre perception. Pitches associated with the missing funda-
mental can be evoked for sets of harmonics that are presented successively, but disappear
when brief periods (> 10 ms) of silence are inserted between them [24]. Similarly, two sin-
gle-formant vowels do not produce a two-formant vowel quality unless the waveforms corre-
sponding to the two formants arrive within a similarly brief time window [13][14]. Provided
that their waveforms overlap in time within this window and have the same fundamental,
one cannot generally distinguish between combinations of single formant vowels with dif-
ferent relative delays among the vowels. The phase-insensitive nature of this coincidence
array means that the mechanism can accommodate a good deal of asynchronous, temporal
shifting among its inputs.

 

5.    Recognition of Common Pitch Irrespective of Timbre

 

Coincidence arrays can extract those periodicities common to their inputs, even if their
inputs have no harmonics in common. This is useful for the recognition of common pitches
irrespective of differences in timbre (e.g. two different musical instruments playing the same
note). As an example, two amplitude modulated (AM) tones were passed through the coinci-
dence array (Figure 2). The fundamental frequency (f

 

0

 

) of an AM tone is equal to its modu-
lation frequency (f

 

m

 

). AM tones produce strong pitches at their fundamental frequencies,
despite the lack of any stimulus energy at that frequency (i.e., AM tones produce pitches at
various “missing fundamentals”). For this example, the fundamental frequencies of the two
signals were both set to 125 Hz, such that the signals produce the same low pitch at that fre-

Figure 2    Effect of passing two signals through the coincidence array. The stimuli are two AM tones with dif-
ferent carriers (fc = 500 Hz, 1250 Hz) but the same modulation frequency (fm = 125 Hz). The AM
tones have no harmonics in common, but they produce a common low pitch at their “missing funda-
mental (f0 = fm = 125 Hz, dotted lines). Right: Population autocorrelation of the output of the coin-
cidence array. 
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Figure 3    Left: Waveforms, power spectra, and autocorrelation functions for four vowels. The vowel set con-
sists of combinations of two different fundamental frequencies (f0 = 100, 125 Hz) and two formant
structures. Horizontal arrows above waveforms and vertical lines in autocorrelations indicate funda-
mental periods (1/f0 = 8, 10 ms), which correspond to voice pitch periods. Shaded bars indicate
periodicities associated with formant structures that give rise to differences in vowel quality (tim-
bre). Right: Population autocorrelations of the output of the coincidence array for all vowel pairs.

 

quency. Despite their common fundamental, the two signals have different carrier frequen-
cies (f

 

c 

 

= 500 Hz vs. 1250 Hz) and therefore have different spectral energy distributions.
Such signals would produce different timbres. When the two signals are passed through the
array, the resulting population autocorrelation is dominated by intervals at the common fun-
damental period, 1/f

 

0 

 

= 8 ms. The array thus extracts those periodicities that are common to
the two signals, and the form of those common temporal patterns appears directly in its out-
put.

 

6.    Recognition of Common Timbre Irrespective of Pitch

 

Coincidence nets can also extract common periodicities that are associated with different
timbres or vowel qualities. This is useful for recognizing common timbres irrespective of
differences in pitch (e.g. the same musical instrument playing different notes, or two differ-
ent people speaking the same vowel). Four synthetic vowels consisting of combinations of
two fundamental frequencies (f

 

0

 

s) and two sets of formants (F

 

1

 

, F

 

2

 

, F

 

3

 

, F

 

4

 

, F

 

5

 

) were con-
structed (Figure 3). These signals correspond to the vowels [ae] (as in “hat”) and [Î

 

r

 

] (as in
“herd”). Their waveforms, power spectra, and autocorrelation functions are shown in Figure
3 (left). Each vowel evokes a “voice pitch” at its fundamental. Fundamental frequencies (f

 

0

 

)
correspond to spacings between adjacent harmonics in the power spectra; fundamental peri-
ods (1/f

 

0

 

) correspond to major peaks in the respective autocorrelation functions. Each vowel
also has a characteristic tonal quality (“timbre”) which determines whether it will be recog-
nized as an [ae] or an [Î

 

r

 

] (or some other vowel). The general shape of the power spectrum
(spectral envelope) largely determines the timbre of a stationary sound; the spectral enve-
lope, in turn, is largely shaped by positions and magnitudes of spectral peaks (formants).
Different combinations of formants produce characteristic patterns of short time intervals in
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the autocorrelation functions. Similar characteristic patterns corresponding to the fundamen-
tal and to formant combinations are observed in population-interval distributions at the level
of the auditory nerve [4][8][9][37][45].

All combinations of the four waveforms were passed pairwise through the coincidence
net (Figure 3, right panel). Population autocorrelations produced by vowels paired with
themselves are equivalent to their own autocorrelations squared. Those vowel pairs that had
common fundamental frequencies and similar voice pitches produced large peaks at their
common fundamental periods. Those vowel pairs that had common formant structures (com-
mon vowel quality or timbre) produced common patterns of short intervals that correspond
to their respective formant structures. Those vowel pairs that had neither common funda-
mental frequency nor common formant structure (different voice pitches and timbres) pro-
duced only small peaks associated with overlapping subharmonics.

Thus, a simple, feedforward coincidence array can operate on two sets of temporally
coded inputs in order to extract common periodicities underlying common pitches and tim-
bres. This permits a common pitch to be recognized independent of timbre, and a common
timbre to be recognized independent of pitch. Further, both operations can be realized using
the same, simple mechanism that operates on the interspike-interval statistics of an entire
ensemble of neural elements.

 

7.    Binaurally Created Pitches

 

The feedforward coincidence operations outlined above require the two sets of inputs to
be simultaneously present in the network in order to effect pitch and timbral comparisons.
The most obvious locations in the auditory system where one has simultaneous phase-locked
inputs, tapped-delay lines, and arrays of coincidence detectors are structures in the auditory
brainstem that receive binaural inputs. Low pitches and rhythmic binaural beats can be cre-
ated by binaural interactions within these structures [15]. Historically, the existence of “bin-
aurally-created pitches” was used to argue against temporal models for pitch that required
interaction of neighboring harmonics within the same cochlea (e.g. Schouten’s theory of
‘residue’ pitch [18]). Houtsma and Goldstein [26] showed that binaural combination of two
harmonics of a common fundamental could give rise to a binaurally created pitch at the
missing fundamental. The existence of these pitches was explained in terms of a spectral-
pattern analysis of harmonic structure in a “central spectrum” representation. The feedfor-
ward operation outlined above provides a temporal account of the generation of such
pitches. Here the two sets of inputs to the coincidence array come from the auditory path-
ways originating in each ear. As with the two AM tones illustrated above, when two harmon-
ically related pure tones are passed through such a coincidence network, the population
autocorrelation function of the output produces a maximum at their common fundamental
period. A similar result is obtained if the two harmonics are band-passed filtered, half-wave
rectified, and the output of each channel is passed through a similar cross-correlation array
[6]. The time-structure of the respective tones are impressed on swaths of frequency chan-
nels that overlap and these beat at the fundamental frequency. In those channels, binaural
coincidence detectors consequently produce many intervals at the “missing” fundamental
period. According to a general temporal autocorrelation theory of pitch, such a population-
interval pattern would then be interpreted by central analyzers, much in the same way as
monaural pitches, with the result that a binaural interaction pitch at the missing fundamental
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should be heard. These observations notwithstanding, there are other temporal mechanisms,
such as a simple central addition of the monaural population-interval distributions, that
would also produce these pitches. 

There are also other kinds of pitches that are created through binaural phase differences
[2][16] that create troughs in the population autocorrelations of binaural cross-correlation
arrays. These troughs correspond to the pitch periods that are heard. Such pitches therefore
require cancellation or anti-correlation operations rather than simple coincidence operations
[17][19]. Such operations could be incorporated into feed-forward timing nets by adding
anti-coincidence detectors that produce output pulses when there is an incoming pulse in
only one of the two input lines (an XOR operation). Once both coincidence and anti-coinci-
dences are computed, timing networks attain the means of computing both temporal similar-
ities and differences present in their inputs.

 

8.    Simple, Recurrent Timing Nets 

 

The simple feed-forward networks outlined above carry out comparisons between inputs
that are simultaneously presented. In order to perform delayed matching tasks, such net-
works would require some mechanism for maintaining a working memory representation of
what came before. Perhaps the simplest means of storing time patterns, either in the form of
post-stimulus time patterns or interval statistics, is to let the signals themselves circulate in
recurrent sets of delay lines (Figure 4). A reverberating memory is thereby created in which
the signal itself serves as its own temporal memory trace. Incoming time patterns can then be
compared with those that are circulating using the kinds of feed-forward correlational opera-
tions outlined above. Matching of pitches or timbres in such a system then involves maxi-
mizing the correlation between the stored temporal pattern and the incoming one. 

In such a system, recognition operations can be carried out if there are central neural
assemblies that can produce temporal patterns that are characteristic of the objects to be rec-
ognized (e.g., interval distributions characteristic of particular vowels). Neural responses
consistent with this notion have been observed in some neurophysiological conditioning
studies [29][44][58], where stimulus-related temporal patterns are “assimilated” by individ-
ual neurons and “readout” at different times. If the outputs of an ensemble of such assem-
blies are cross-correlated with incoming temporal patterns and fed back into the loop, then
those incoming patterns that resonate most strongly with those produced by neural assem-
blies will build-up the fastest. Strongly activated central temporal pattern templates can steer
the build up of circulating patterns, such that the resulting resonances resemble the intersec-
tion of the incoming pattern with the stored templates, thereby creating “perceptual magnet
effects.” 

A considerable body of psychological evidence exists for mechanisms that build-up,
store, and read-out temporal expectations. Studies of conditioning [28][42][58], music per-
ception [30][31], and rhythm production [52] suggest that temporal relationships are explic-
itly encoded in memory, and that these relationships create sets of temporal expectancies.
Recurrent timing nets implement reverberating memories [58] that can dynamically create
short-term expectancies and build up temporal patterns that recur over time. 

Perhaps the simplest example of a reverberating memory is the recurrent timing net
shown in Figure 5. This network cross-correlates incoming time patterns with previous, cir-
culating ones in order to build up those temporal patterns that recur. The network consists of
an array of coincidence detectors which all receive the same external signals. Each coinci-
dence detector has an associated delay loop with a different recurrence time. Coincidence
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detectors temporally cross-correlate incoming signals with those that are arriving via the
delay loop. As a first step, pulse trains with repeated, randomly selected pulse patterns (e.g.
100101011-100101011-100101011...) are presented to the network. At each time step, the
incoming pulse train is multiplied by the circulating pulse train arriving in each respective
delay loop and the resultant signal is fed back into the loop. In the absence of pulses arriving
through the delay loop, the incoming pulse train is fed into the loop. If there are coincident
pulses from both inputs, the amplitude of the output pulses that are propagated through the
loop is increased by 5%. Coincidences, therefore, build up the strength of the circulating pat-
tern.

In such a network periodic pulse patterns invariably build up fastest in the delay loop
whose recurrence time matches their repetition time. In their respective loops, rhythmic
input patterns create temporal expectancies (when pulses traveling through the loop arrive
back at the coincidence detector that generated them) that are reinforced when they are satis-
fied. Thus, recurrent time patterns are repeatedly correlated with themselves to build up to
detection thresholds. In effect, the recurrent cross-correlation loops dynamically create
matched filters from repeating temporal patterns in the stimulus. Thus, temporal-pattern
invariances are enhanced relative to aperiodic transient activity, such as noise. Similar strate-
gies for periodicity detection were explored in the 1950s [41].

More elaborate recurrent timing nets would also incorporate anticoincidence elements
that compute the difference between expectation and the incoming signal. Once both corre-
lation and anti-correlation operations are in place, these networks begin to resemble simpli-
fied, time-domain versions of adaptive resonance networks [23]. In place of spatialized input
patterns and spatial pattern correlation operations for comparing them, timing nets utilize
temporal input patterns, delay lines and coincidence detectors to do the comparisons in the
time domain. Temporal correlation and anti-correlation take the place of excitation and inhi-
bition. Both kinds of networks utilize recurrent bottom-up, top-down interactions to build up
resonant patterns of activity. When inputs confirm top-down expectations, those expectations
are reinforced; when inputs diverge from expectations, their differences form new expecta-
tion patterns that can then subsequently be built up. 

These simple recurrent timing networks can also separate multiple time patterns with dif-
ferent repetition periods. When two repeating pulse patterns, each with its own repetition
period, are summed and presented to the network, the two patterns invariably build up in the
two different delay paths that have the corresponding recurrence times. These recurrent tim-
ing architectures were inspired by rhythm perception and production (e.g., [30][31][52]),

Figure 4    Temporal memory traces, matching tasks, and the build-up of perceptual forms
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and phase-sensitive processes in auditory temporal integration [46]. While they were con-
ceived to operate over longer time windows associated with these phenomena (> 30 ms),
many parallels exist between rhythm and pitch, such that these general processing strategies
appear to be potentially applicable to pitch-related separations as well. 

Two vowels with different fundamental frequencies (f

 

0

 

 = 100 Hz, 125 Hz) were summed
together and presented to the recurrent network (Figure 6). Each period of the two vowels
has its own invariant waveform pattern. The internal relations within the vowel periods of
each waveform remain constant from period to period, whereas the relation between the two
vowel-period waveforms change over time - the vowel periods precess relative to each other,
creating “pitch period asynchronies.” Similar precessions and perceptual separations occur
when an individual frequency component of a harmonic complex is mistuned. As with pairs
of repeating pulse patterns, the two vowels build up their respective waveform patterns in the
corresponding delay loops. (A potential problem with this multiplicative [vs. additive]
buildup is that successive multiplications alter relative amplitudes of waveform peaks,
although zero-crossings remain intact.) Thus, multiple auditory objects with different repeti-
tion periods (i.e. fundamentals, rhythms) can be segregated into different delay paths. Fusion
is the consequence of recurrent, invariant temporal relations, while segregation is the conse-
quence of changing temporal relations (precession of vocalic periods relative to each other).

Segregation by temporal pattern invariance constitutes an extremely general strategy for
the formation and separation of perceptual objects. Traditional strategies for scene analysis
are based on channel selection. First, a local feature analysis is carried out on incoming sen-
sory patterns and an attempt is made to select subsets of feature channels that should be
grouped together or separated to form different objects. For concurrent vowels, this has
meant detecting which frequency channels share common f

 

0

 

-related modulations and group-
ing them together (e.g. [40]). The correlational strategy proposed here instead groups pat-
terns of spikes rather than patterns of channels. Here no explicit feature detection is required
prior to the formation of auditory objects – the temporal patterns build themselves up and
sort themselves out in their respective delay channels. 
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Figure 5    Behavior of a simple recurrent timing net for periodic pulse-train patterns.
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Both feedforward and recurrent timing networks share a number of general functional
properties that are highly desirable in the context of neural computation in the brain: 

1) no highly tuned delay lines, periodicity detectors, or clocks are needed because no
explicit time measurements are made,

2) representational precision resides in spike timings instead of in neural activation pro-
files, 

3) harmonic relations implicit in time intervals are preserved (e.g. octave similarities, char-
acteristic musical interval patterns), and 

4) population-wide operations that make use of all neural responses, even weak ones, obvi-
ate the need to select relevant subpopulations for analysis. 

Population-based temporal representations permit information from whole neural popu-
lations to be exported 

 

en masse

 

 to other regions. Coincidence networks permit comparisons
between activity patterns of neural populations without the necessity of precise point-to-
point mappings between them and/or highly regulated synaptic weightings. These properties
may greatly simplify the coordination of information processing in large numbers of semi-
independent, largely asynchronous populations of neurons. 

How such computational strategies might scale up for large numbers of inputs, delay
paths and coincidence elements remains to be explored. Simultaneous arrival of incoming
pulses in three sets of inputs as a requirement for coincidence leads to higher-order, triple-
correlation functions [59] that carry temporal sequence and phase information. Recurrent
delay loops can be implemented by multisynaptic pathways, provided that the build-up of
jitter can be constrained through general connectivity rules (e.g., fan-in/fan-out factors) or
through adjustments of specific connectivities and time delays. If jitter builds up with the
average number of synapses traversed and this is, in turn, roughly proportional to the time
delay needed to encode a particular duration, then one has a potential explanation for the
constant Weber fractions that are observed in discriminations of rhythms and other time
intervals [52]. A theory of timing relations in arbitrary conduction networks would clearly be
helpful.

This present treatment of timing networks barely ventures beyond an outline of the idea
and what kinds of operations might potentially be carried out. Certainly, inhibitory inputs
and anticoincidence operations need to be incorporated into such networks, and feedforward

Figure 6    Separation of two auditory objects, with differental fundamental frequencies, in a simple recurrent net.
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and recurrent architectures need to be combined. Once these primitive networks are devel-
oped more fully and their behavior understood more deeply, then more realistic psychoneu-
ral models can be entertained that point to empirically testable hypotheses that address the
real workings of the brain.

 

9.    Conclusions

 

In the auditory nerve there is an abundance of temporal information that precisely and
robustly encodes many perceptually relevant aspects of acoustic stimuli: periodicity, spectral
shape, speech modulations, rhythms, and still longer time patterns. Most central models of
auditory processing that utilize this timing information have assumed that a time-to-place
transformation must occur in the ascending auditory pathway, such that central representa-
tions of auditory forms are based on excitation profiles of frequency- or periodicity-tuned
units. In these models, auditory discrimination and recognition is performed by comparing
stored excitation profiles with incoming ones.

However, if neural mechanisms exist by which timing information can be preserved and
stored centrally, then purely temporal analyses of similarity and difference can be carried out
by temporal correlation operations. We have outlined two basic processing architectures that
could realize such operations. A simple, feedforward neural timing architecture has been
presented that utilizes coincidence detectors and tapped delay lines to perform cross-correla-
tion and/or convolution operations on two sets of inputs. Only those periodicities that are
common to both inputs appear in the time structure of the outputs. The array functions as a
temporal sieve whose summary autocorrelation function is the product of the autocorrela-
tions of its inputs. To the extent that time structure of inputs reflect those of stimuli, such
arrays can compute pitch similarity irrespective of timbre and timbral similarity independent
of pitch. A simple recurrent timing architecture consisting of an array of many different
delay loops is presented that amplifies and separates recurring time patterns. 

These purely temporal modes of analysis are carried out on population-wide bases that
obviate the need for precise point-to-point connectivities, explicit measurement of local fea-
tures and/or internal clocks. Timing nets constitute a new and general neural network strat-
egy for performing a host of basic auditory computations: extraction of common
periodicities, detection of recurrent time patterns and separation of auditory objects. While
the examples considered here are very rudimentary, they nevertheless afford glimpses of the
kinds of perceptual computations that might be realized using temporal codes and timing
nets. 
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