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Pattern recognition computation using
action potential timing for
stimulus representation
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A computational model is described in which the sizes of variables are represented by the
explicit times at which action potentials occur, rather than by the more usual ‘firing rate’ of
neurons. The comparison of patterns over sets of analogue variables is done by a network
using different delays for different information paths. This mode of computation explains how
one scheme of neuroarchitecture can be used for very different sensory modalities and seem-
ingly different computations. The oscillations and anatomy of the mammalian olfactory systems
have a simple interpretation in terms of this representation, and relate to processing in the
auditory system. Single-electrode recording would not detect such neural computing. Recogni-
tion ‘units’ in this style respond more like radial basis function units than elementary sigmoid

units.

HEeRE I describe a recognition problem that occurs in many
guises and sensory modalities, and that can be efficiently solved
when analogue information is encoded (or represented) using
action potential timing. I emphasize the importance of neuro-
biological information representations for their ease in comput-
ing useful results, rather than viewing the choice of
representation as chiefly a means efficiently to transmit ‘informa-
tion’ as defined in communication theory'~.

The choice of information representation is of vital import-
ance in making a computation easy, as is illustrated by the ques-
tion ‘is 3630225 divisible by 7?°. If the number 3630225 is in base
10, answering this takes a bit of work. If the number 3630225
is in base 7, the answer is immediate from inspection of the last
digit. The choice of representation for analogue information is
equally important for neural computation.

In this paper, analogue information is represented by using the
timing of action potentials with respect to an ongoing collective
oscillatory pattern of activity. This is a long-hypothesized
representation® for which there is now appreciable evidence® for
special cases. Experiments® on rat hippocampal ‘place cells’ indi-
cate that the phase of neural activity with respect to the ongoing
local theta-rhythm correlates with the location of the rat within
that receptive field. Action potential phase-time coding is also
found in electric fish”. The particular representation of analogue
information used here is created by elementary cellular biophys-
ics in a neuron having a subthreshold oscillatory membrane
potential. In contrast, most previous descriptions of neurobio-
logical computation are based on either firing-rate coding or
place-cell coding of analogue information.

The scheme computes in this analogue representation by com-
bining information through pathways with different delays. This
mode of computation is believed to be responsible for the move-
ment-sensitive visual neurons®, and for spatial localization of
sounds in the barn owl’. The analysis requires a coherence of
the oscillation across a localized set of neurons, but such coher-
ence is common’ at frequencies ranging from 1 to 100 Hz.

Thus the major basis phenomena needed in this new analysis
are all known to occur in neurobiology. These known compo-
nents, working together, can rapidly and efficiently perform com-
putations that are essential to pattern recognition, and that are
much more difficult to perform in a rate-coding framework.

I analyse the problem of ‘analogue pattern recognition’. This
problem, in slightly different guises, occurs in the recognition of
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colours, visual patterns, odours and sound quality, and is a very
general task which neurobiology solves rapidly. Surprisingly,
this problem is not easily solved by most rate-code neural
models.

Calculating analogue match

When a stellar constellation is pictured on the cover of a maga-
zine we ask ourselves whether it is Orion or Ursa Major? Is a
faint smell from a recently opened bottle of Bordeaux? These
disparate questions are examples of analogue match problems.
The basic stimulus is a pattern of analogue values, the ratios
and scale of which define the stimulus quality and intensity. For
example, the ratios of the lengths of the lines connecting the
different pairs of stars determine the shape of the constellation,
while the length scale of the lines describes the size of the photo-
graphic rendering. In the olfactory example, the currents gener-
ated in the individual neurons (or classes of neurons) are the
analogue pattern. Sensory neurons in the general olfactory sys-
tem are not highly specific, and a particular odour must be iden-
tified by its pattern of strength of excitation over the ensemble
of primary sensory neurons'®.

The computational problem can be posed as follows. Let a
nervous system have implicit knowledge of several stimuli a, b,
C,..., each one characterized by a list of numbers X,=
{Xar>Xa2s--»>Xai-..}. An unknown stimulus is presented
which has the properties X,,. We wish to determine for which
(if any) of a, b, ¢ can it be considered that

Xu=~AX, or X,,=~AX,; foralli (1

and also the value of A. The form (1) implies scale-invariant
recognition of a stimulus quality and knowledge of its intensity
or size.

A simple conventional neural model has difficulties in solving
this problem. Consider a single ‘grandmother cell’ neuron which
is to recognize a single odour, and distinguish it from other,
perhaps unknown, odours. The neuron has a monotonic input-
output relationship such as

Vou=1/(1+€");  vin=0pias+ ) WiXu, (2)
The W, are the ‘synaptic weights’ of the problem; V,,>0.5
might be taken as recognition of the odour'".
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This elementary system is not satisfactory because any odor-
ant u for which the scalar product W - X, is positive will, if
strong enough, be recognized as the known odour. A system
which separates odour quality (which involves only the relative
components of X) and odour intensity, and judges the match
of odour quality independently of the scale factor, is essential.
Preprocessing the input X through a network which converts X
into a vector of fixed length is one way to solve the problem.
Conceptually, this requires the computation of the euclidian
length of the raw input vector, and then division of all inputs
by that factor. This mathematics is not natural to elementary
neural circuits.

This structure of network, even with normalization, has two
additional undesirable features. First, sensitivity to minor com-
ponents is lost. If the known odour had intensity ratios 5:5:1
for three variables, the optimal weights to recognize that odour
correctly are also in the ratio 5:5:1, so the third component is
multiplied by a small weight, and is not a substantial contributor
to v, even if it is of great significance.

An additional problem is involved if we attempt to split the
recognition problem into sub-parts. If the raw inputs are split
into two groups, and each is processed by separate networks of
this type, the outputs of the two ‘grandmother units’ cannot
simply be added to gain confidence in a recognition. For if the
two units both seem to recognize the odour, but the scale factors
described by the two normalizing processes are very different,
the overall pattern is not a good match.

The encoding and computation model described in the next
sections uses action potential timing to carry information. It
further differs from the above (1) in solving analogue pattern
recognition problems simply and naturally; (2) in allowing prob-
lems to be broken into smaller sub-parts and the results then
combined; and (3) in embedding the information about the pat-
tern to be recognized in a pattern of axonal or cellular time
delays. Synaptic strengths determine only the importance of par-
ticular variables, not the pattern to be recognized, and therefore
require little precision. The processing is intrinsically rapid.

Time-encoding information

The model involves ‘encoding neurons’ which produce action
potentials, and which are also influenced by an oscillatory drive.
(In the vertebrate olfactory system, these units might correspond
to the mitral cells of the olfactory bulb.) In the model, a cell
will produce an action potential at time ¢ if the cell potential
u(1) > tnresn and if no action potential has been generated more
recently than the refractory period 7,. It is not necessary to
consider the detailed biophysics of action potentials.

The other essential feature of the model is an oscillatory
subthreshold variation of the membrane potential for the encod-
ing neurons. Such an oscillatory potential can be generated by
intrinsic cellular effects'>'® or multineuron circuitry'®. The
encoding cells are also presumed to have a time constant which
is somewhat shorter than the oscillation period. The cell poten-
tial of encoding cell j (except for the rapid action potential com-
ponent) will thus be taken to be

(4(1) = thnwesn) /R=1(1) — I, — A(1 —cos 2mft) (3)

where 4 and I, are positive constants, R is the cell resistance,
I(¢) is the input current to cell j, and fis the frequency of sub-
threshold oscillation. For simplicity, /;(¢) is assumed to be excita-
tory, but inhibitory schemes can also be developed. The cosine
function is used for illustration; in general, the periodic oscilla-
tion will have a more complex form. In the absence of an input
current [j(t), the cell exhibits only subthreshold membrane
potential oscillations. When the input current exceeds I, action
potentials will be generated. The dead time and level of input
can together prevent the cell from generating two action poten-
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FIG. 1 a, When there is no input current, the subthreshold cell potential
oscillation (solid line) never exceeds the firing threshold (horizontal
broken line). When an input current is added, the cell potential (neglect-
ing currents which flow during an action potential) will cross threshold,
as shown by the broken curve. b, The cell potential corresponding to
the broken curve in a, including the effect of the currents which flow
during action potentials, which leave the cell in a depolarized state
from which it slowly recovers. The cell potential never again exceeds
the threshold for spike generation until the next cycle of the periodic
oscillation. Thus the cell fires only on the upward threshold crossings
of the broken line in a.

tials within one period of the oscillation (Fig. 1). The way several
cells respond to an analogue input pattern is shown in Fig. 2.
The time ; each neuron j fires in advance of the maximum of
the subthreshold oscillation is determined by its input current,
thus encoding the analogue information J; as a time advance ;.
The firing frequency for all active neurons is simply f.

The functional form of the time advance as a function of the
input current is needed for further analysis. This is described by
a function 7(7), which is determined by the shape of the oscilla-
tory part of the cell potential and any nonlinear transformation
which may have been performed on the inputs (such as the
logarithmic intensity transformation in the visual system'®). I
assume in the following section that the preprocessing of the
fundamental sensory variable X has been matched to the shape
of the top of the oscillatory cycle to yield a net encoding such
that signal input channel j has an advance

7;=~In (X;/6 +1)=~In (X;/8) forstrongodours (4)

where 6 is a constant scale factor.
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FIG. 2 The action potential of five different neurons driven with different
input currents (analogue signal strengths). Neuron 4 produces no action
potentials because the input current is insufficient to ever drive that cell
above threshold. The other neurons all fire once during each oscillation
period, but the time ; each neuron j fires in advance of the maximum
of the subthreshold oscillation is determined by its input current, and
is larger for neurons driven with a greater input current. The firing fre-
quency remains f over a considerable range of input current if the
refractory period is long.
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It has so far been presumed that a neuron never fires more
than once during a cycle, which will be the case within a limited
regime of input current, frequency, postspike depolarization and
cell time constant. Outside this regime, the first action potential
will occur at the location described, but additional action poten-
tials may also be generated within a period. In this case, the first
spike will carry appropriate analogue information on its timing,
and analogue information will also be carried in the number of
action potentials which occur within a cycle. Thus more than one
representation of analogue information can be simultaneously
present. Rat hippocampal cells® seem to respond in such a dual
fashion.

Decoding and recoghnition

When a cell has a relatively short integration time constant, its
response to action potentials arriving from different afferents is
sensitive to the relative times of arrival of the action potentials.
A cell can thus serve as a ‘coincidence detector’ for action poten-
tials impinging on it by different pathways. The auditory place
cells found in the barn ow!’ are believed to ‘compute’ azimuthal
position of a sound source by detecting a time coincidence
between signals which appear delayed with respect to each other
by the different lengths of the paths between the sound source
and each ear, and then have compensating axonal delays which
result in a coincidence of arrival on a target cell. The decoding
or recognition scheme to be described is a generalization of this
idea.

More generally, when a pattern consists of a set of features
occurring in a given time relationship it can be recognized by
a processing system which uses time delays'® and coincidence
detection. These time delays are organized so that the features
recognized by feature-detecting neurons, although occurring at
different times, produce signals which arrive simultaneously at
a recognition neuron which then responds maximally. This motif
is found in visual systems that detect the directional movement
of edges®. This delay organization is believed to be how the
moustache bat processes FM sonar echoes'’. The biophysical
mechanism of delay can be synaptic, axonal or cellular. Time-
delay decoding is a powerful engineering tool, and has been
successfully used in recognizing words in continuous natural
speech'®.

In biosonar an animal generates a scanning sound, and the
reflected sound has two kinds of information. The relative times
of the received sound features describe the object being detected,
whereas the overall time of the return (with respect to the scan-
ning sound) represents a totally different but significant variable,
the distance to the reflecting object.

In the examples cited above, the time pattern to be decoded
originates with the nature of the time-dependent stimulus. By
contrast, the time pattern to be decoded in the present case
originates with the encoding scheme itself, and is created even
for a constant input stimulus. However, a pattern in time can
be decoded by a network of coordinated time delays, regardless
of its origin.

Logarithmic encoding (see equation (4)) is particularly useful,
because it makes the relative timing of the action potentials
encoding a pattern independent of the intensity or scale. If the
strength of an odour is increased by a factor of 2, each action
potential will be advanced in time by the same amount, and
the (time-shifted) pattern will be recognized in a scale-invariant
fashion by a time-delay network. The recognition event for the
stronger case will simply occur earlier with respect to the maxima
of the oscillatory potential. Information about the scale of a
recognized pattern is thus encoded in the time at which the
recognition event occurs in a ‘grandmother cell’ or network. A
recognition can be readily broken into two parts and recombined
as follows. The inputs are divided into two groups which are
independently coded and recognized by time-delay networks.
If these two independent recognitions correspond to the same
intensity, they agree and support each other. If they correspond
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to different intensities, then the overall pattern is wrong. How-
ever, if they correspond to the same intensity then the two recog-
nition neurons will generate action potentials at the same time;
otherwise they will not. Coincidence detection is all that is
needed to recombine the parts and to see if the two partial results
support each other.

If input current levels are so high that multiple spikes are
present in a single cycle, the correct recognition will still be made.
However, in addition, spurious recognitions due to these other
spikes might sometimes be made later in the cycle, but later
recognitions might be discriminated against. Alternatively, syn-
aptic suppression with an appropriate recovery time could chiefly
suppress the effect of multiple spikes within a single cycle. Multi-
ple spikes within a single cycle will therefore not debilitate this
mode of computation.

Comparison with mammalian olfaction

The three features necessary to use this representation for recog-
nizing odours are present in the mammalian olfactory system.
The olfactory bulb, which is the earliest processing area, shows
pronounced global oscillations at about 40 Hz'®. Thus the mitral
cells of the olfactory bulb, which receive inputs directly from
sensory cells and send axons directly to the piriform cortex,
could encode the input current by the mechanism described. The
pyramidal cells in the piriform cortex receive inputs from the
axon tract from the olfactory bulb, and from the association
fibres within the piriform cortex itself. The anatomy and very
slow propagation velocities generate a distribution of time delays
as long as 20 ms across the rat piriform cortex”'. This anatomy
is well suited to decoding the kind of analogue coding we have
suggested, but makes no sense if the information arriving is
primarily rate coded.

The response of principal neurons in the olfactory bulb to the
presence of odours is unexpectedly complex®. In an elementary
model of odour processing, a mitral cell in the olfactory bulb
might be expected to respond strongly to one odour and weakly
to another, amplifying the discrimination between odours which
is begun by the broadly tuned sensory neurons. Although some
selectivity is seen, the response of many mitral cells also strongly
depends on concentration and on the timing within the breathing
and oscillation cycle. This mitral cell response may be an indica-
tion of a very different way of encoding analogue information.

Oscillation occurs in other olfactory systems as well. The
locust® antenna ganglion shows coherent oscillation at about
20 Hz, whereas the procerebral lobe of the slug® shows field
potential oscillations at about 0.5 Hz. Many reasons for the
oscillation in olfaction have been suggested, ranging from an
epiphenomenon of the circuitry to explicit uses such as enhanc-
ing differences between signals®. The scheme I outline here is
different from these in that the function of the oscillation, to
recode analogue information into the time domain, cannot read-
ily be done by more conventional means.

Discussion

The model described here is a particular example of a general
idea, using action potential timing to encode analogue informa-
tion, and using time-delay networks to compute in this represen-
tation. Such a coding system has great computational power and
speed compared with a network using an ‘instantaneous rate’
coding of variables. A calculation of analogue pattern match
can be done in 25 ms with neurons that have firing rates of no
more than 40 Hz.

The cell model, the coding and the decoding networks are
overly simple and without feedback pathways, so a correspond-
ence between the described model and electrophysiology cannot
be completely direct. However, the viewpoint does explain many
of the enigmatic features of olfactory systems.

The use of such computation could be widespread. Much of
the palaeocortex shares the architecture of the piriform cortex,
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and if piriform cortex computes through time-delay represen-
tations, so might other parts of the palaeocortex. The frontal
cortex in higher mammals, where cells typically have very low
firing rates, is another obvious candidate for the use of timing
as a means of representing information.

Elaboration on this basic theme could involve more complex
subthreshold behaviour, or neurons with more complicated ways
of transforming analogue variables to time sequences, and multi-
ple action potentials during a single oscillation cycle. I have
described only the simplest of possible encodings. The important
general point is the combination of speed and ease of computa-
tion with a time-domain representation of analogue variables,
and the different point of view such ideas bring to experiments.
Understanding how neurobiology functions requires an under-
standing of both how information is encoded and how that
encoded information can be used in a subsequent computation
(decoded)®.

Single-electrode recording is completely incapable of elucidat-
ing the nature of this new representation/computation model.
Because weakly driven cells do not respond at all, and strongly
driven cells all fire at the same frequency, conventional electro-
physiology would simply conclude that the cells are broadly
tuned. The existence of such a simple and neurobiologically
plausible alternative computational model underlines the poten-
tial importance of multielectrode experiments.

Synchronized action potentials play a very different role in
the processing described here from that which they have recently
been hypothesized to play in the visual system>”?®. If information
is encoded as hypothesized, then neurons that receive little input
fire with very little time advance (or none at all), and will appear
synchronized. These are generally the neurons with the least
useful information about an odour. The neurons representing
the strong components of the odour fire earlier in time and will
not appear synchronous.

The dynamic range and accuracy of pattern recognition in
such a scheme depend on the time resolution available. Azimu-
thal binaural sound localization by owls has an angular accuracy
of 1°, corresponding to a time delay of 20 us®. The 25-ms
characteristic time of a 40 Hz oscillation leaves a lot of room
for resolution and dynamic range if the neural architecture has
been optimized for time-delay processing. If the 5 Hz theta-
rhythm is used for encoding, slower synapses would be adequate
for decoding. This representation of analogue information does
not require synapse strengths of great precision, because the
stored analogue patterns against which the incoming informa-
tion is to be compared are contained in the time delays. The

strength of a synapse reflects the importance given to a particular
input variable, not the size of a variable.

When sensory signals themselves have time-dependent struc-
ture, the analogue value to time-delay computations can be used
without the need for an auxiliary oscillatory pattern. Binaural
sound localization in the bat shows some indications of compu-
tation of intensity to time delay. Binaural cells in the medial
superior olive are optimally tuned both in time delay between
the two ears and in an intensity difference, with greater relative
sensitivity to intensity difference. Harnischfeger et al.*® note that
“for usual latency reasons, and the way sound sources should
behave (shadowing) time delay and intensity go hand-in-hand”.
That is, a network that can work with binaural time delay for
azimuthal localization of sound would naturally also function
on the basis of intensity differences, because elementary cellular
biophysics results directly in time delays resulting from stimulus
intensity differences. This system can therefore also be under-
stood to use intensity-to-time-delay encoding and processing,
except that in this case an oscillatory potential is not needed.
Intensity-to-time encoding in the olfactory system might also be
used without oscillations in conjunction with exploratory behav-
iour such as sniffing or antenna waving, which could serve as
the onset for intensity-to-time encoding on a different timescale
and at the level of the sensory cells. In this regard it is interesting
to note that olfactory sensory cells in the frog have different
time responses for different stimuli®'.

If this kind of computation takes place in neurobiology, the
time delays appropriate to a new stimulus must be learned. The
simplest scheme is to have a multiplicity of time delays, direct
or indirect, available via different synapses. This would be easily
done in a structure like the piriform cortex, where the recurrent
collaterals allow many possible indirect paths of different time
delay between two cells. In such a structure the correct time
delays would merely need to be selected by strengthening appro-
priate synapses using a Hebb-like rule. Alternatively, when syn-
aptic delays are important these delays might be modified when
the pre- and postsynaptic cells fired in near synchrony.

Computer scientists have noted that ‘radial basis function
units’, the response of which is maximal for the chosen template
pattern, are often better for engineering pattern-recognition net-
works than are the simple sigmoid response units**** so often
used in modelling. The time-delay encoding of analogue patterns
results in the units of a time-delay decoding network also having
maximal response for a template analogue pattern. Thus neuro-
physiology can generate this powerful radial basis-function
behaviour in a simple feedforward network. O
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and if piriform cortex computes through time-delay represen-
tations, so might other parts of the palaeocortex. The frontal
cortex in higher mammals, where cells typically have very low
firing rates, is another obvious candidate for the use of timing
as a means of representing information.

Elaboration on this basic theme could involve more complex
subthreshold behaviour, or neurons with more complicated ways
of transforming analogue variables to time sequences, and multi-
ple action potentials during a single oscillation cycle. I have
described only the simplest of possible encodings. The important
general point is the combination of speed and ease of computa-
tion with a time-domain representation of analogue variables,
and the different point of view such ideas bring to experiments.
Understanding how neurobiology functions requires an under-
standing of both how information is encoded and how that
encoded information can be used in a subsequent computation
(decoded)®.

Single-electrode recording is completely incapable of elucidat-
ing the nature of this new representation/computation model.
Because weakly driven cells do not respond at all, and strongly
driven cells all fire at the same frequency, conventional electro-
physiology would simply conclude that the cells are broadly
tuned. The existence of such a simple and neurobiologically
plausible alternative computational model underlines the poten-
tial importance of multielectrode experiments.

Synchronized action potentials play a very different role in
the processing described here from that which they have recently
been hypothesized to play in the visual system>”?®. If information
is encoded as hypothesized, then neurons that receive little input
fire with very little time advance (or none at all), and will appear
synchronized. These are generally the neurons with the least
useful information about an odour. The neurons representing
the strong components of the odour fire earlier in time and will
not appear synchronous.

The dynamic range and accuracy of pattern recognition in
such a scheme depend on the time resolution available. Azimu-
thal binaural sound localization by owls has an angular accuracy
of 1°, corresponding to a time delay of 20 us®. The 25-ms
characteristic time of a 40 Hz oscillation leaves a lot of room
for resolution and dynamic range if the neural architecture has
been optimized for time-delay processing. If the 5 Hz theta-
rhythm is used for encoding, slower synapses would be adequate
for decoding. This representation of analogue information does
not require synapse strengths of great precision, because the
stored analogue patterns against which the incoming informa-
tion is to be compared are contained in the time delays. The

strength of a synapse reflects the importance given to a particular
input variable, not the size of a variable.

When sensory signals themselves have time-dependent struc-
ture, the analogue value to time-delay computations can be used
without the need for an auxiliary oscillatory pattern. Binaural
sound localization in the bat shows some indications of compu-
tation of intensity to time delay. Binaural cells in the medial
superior olive are optimally tuned both in time delay between
the two ears and in an intensity difference, with greater relative
sensitivity to intensity difference. Harnischfeger et al.*® note that
“for usual latency reasons, and the way sound sources should
behave (shadowing) time delay and intensity go hand-in-hand”.
That is, a network that can work with binaural time delay for
azimuthal localization of sound would naturally also function
on the basis of intensity differences, because elementary cellular
biophysics results directly in time delays resulting from stimulus
intensity differences. This system can therefore also be under-
stood to use intensity-to-time-delay encoding and processing,
except that in this case an oscillatory potential is not needed.
Intensity-to-time encoding in the olfactory system might also be
used without oscillations in conjunction with exploratory behav-
iour such as sniffing or antenna waving, which could serve as
the onset for intensity-to-time encoding on a different timescale
and at the level of the sensory cells. In this regard it is interesting
to note that olfactory sensory cells in the frog have different
time responses for different stimuli®'.

If this kind of computation takes place in neurobiology, the
time delays appropriate to a new stimulus must be learned. The
simplest scheme is to have a multiplicity of time delays, direct
or indirect, available via different synapses. This would be easily
done in a structure like the piriform cortex, where the recurrent
collaterals allow many possible indirect paths of different time
delay between two cells. In such a structure the correct time
delays would merely need to be selected by strengthening appro-
priate synapses using a Hebb-like rule. Alternatively, when syn-
aptic delays are important these delays might be modified when
the pre- and postsynaptic cells fired in near synchrony.

Computer scientists have noted that ‘radial basis function
units’, the response of which is maximal for the chosen template
pattern, are often better for engineering pattern-recognition net-
works than are the simple sigmoid response units**** so often
used in modelling. The time-delay encoding of analogue patterns
results in the units of a time-delay decoding network also having
maximal response for a template analogue pattern. Thus neuro-
physiology can generate this powerful radial basis-function
behaviour in a simple feedforward network. O
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