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METHODS AND APPARATUS FOR SPIKING NEURAL COMPUTATION

CROSS-REFERENCE TO RELATED APPLICATIONS

[0001] This application is related to U.S. Patent Application Serial No. 13/368,994
(Atty. Dkt. No. 113075U1), filed February 8, 2012 and entitled “METHODS AND
APPARATUS FOR SPIKING NEURAL COMPUTATION,” and to U.S. Patent
Application Serial No. 13/369,095 (Atty. Dkt. No. 113075U3), filed February 8, 2012
and entitled “METHODS AND APPARATUS FOR SPIKING NEURAL
COMPUTATION,” which are both herein incorporated by reference.

BACKGROUND

Field

[0002] Certain aspects of the present disclosure generally relate to neural networks
and, more particularly, to operating a spiking neural network composed of one or more
neurons, wherein a single neuron is capable of computing any general transformation to

any arbitrary precision.

Background

[0003] An artificial neural network is a mathematical or computational model
composed of an interconnected group of artificial neurons (i.e., neuron models).
Artificial neural networks may be derived from (or at least loosely based on) the
structure and/or function of biological neural networks, such as those found in the
human brain. Because artificial neural networks can infer a function from observations,
such networks are particularly useful in applications where the complexity of the task or

data makes designing this function by hand impractical.

[0004] One type artificial neural network is the spiking neural network, which
incorporates the concept of time into its operating model, as well as neuronal and
synaptic state, thereby increasing the level of realism in this type of neural simulation.
Spiking neural networks are based on the concept that neurons fire only when a
membrane potential reaches a threshold. When a neuron fires, it generates a spike that
travels to other neurons which, in turn, raise or lower their membrane potentials based

on this received spike.
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[0005] Traditionally, information was thought to be coded largely, if not
exclusively, in the rate of firing of a neuron. If information is coded in neuron firing
rate, there may be significant computational overhead to model neurons with membrane
dynamics, spiking events with temporal precision, and spike-timing dependent plasticity
(STDP) compared to merely modeling neurons as firing rate transforms with rate-based

learning rules, such as the Oja rule.

SUMMARY

[0006] Certain aspects of the present disclosure generally relate to spiking neural
computation and, more particularly, to using one or more neurons in a spiking neural
network, wherein a single neuron is capable of computing any general transformation to
any arbitrary precision and wherein information is coded in the relative timing of the

spikes.

[0007] Certain aspects of the present disclosure provide a method for implementing
a spiking neural network. The method generally includes receiving at least one input at
a first neuron model; based on the input, determining a relative time between a first
output spike time of the first neuron model and a reference time; and emitting an output

spike from the first neuron model based on the relative time.

[0008] Certain aspects of the present disclosure provide an apparatus for
implementing a spiking neural network. The apparatus generally includes a processing
unit configured to receive at least one input at a first neuron model; to determine, based
on the input, a relative time between a first output spike time of the first neuron model
and a reference time; and to emit an output spike from the first neuron model based on

the relative time.

[0009] Certain aspects of the present disclosure provide an apparatus for
implementing a spiking neural network. The apparatus generally includes means for
receiving at least one input at a first neuron model; means for determining, based on the
input, a relative time between a first output spike time of the first neuron model and a
reference time; and means for emitting an output spike from the first neuron model

based on the relative time.
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[0010] Certain aspects of the present disclosure provide a computer-program
product for implementing a spiking neural network. The computer-program product
generally includes a computer-readable medium having instructions executable to
receive at least one input at a first neuron model; to determine, based on the input, a
relative time between a first output spike time of the first neuron model and a reference

time; and to emit an output spike from the first neuron model based on the relative time.

[0011] Certain aspects of the present disclosure provide a method of learning using
a spiking neural network. The method generally includes delaying an input spike in a
neuron model according to a current delay associated with an input to the neuron model,
wherein the input spike occurs at an input spike time relative to a reference time for the
neuron model; emitting an output spike from the neuron model based, at least in part, on
the delayed input spike; determining an actual time difference between the emission of
the output spike from the neuron model and the reference time for the neuron model;
and adjusting the current delay associated with the input based on a difference between
a target time difference and the actual time difference, the current delay, and an input

spike time for the input spike.

[0012] Certain aspects of the present disclosure provide an apparatus for learning
using a spiking neural network. The apparatus generally includes a processing unit
configured to delay an input spike in a neuron model according to a current delay
associated with an input to the neuron model, wherein the input spike occurs at an input
spike time relative to a reference time for the neuron model; to emit an output spike
from the neuron model based, at least in part, on the delayed input; to determine an
actual time difference between the emission of the output spike from the neuron model
and the reference time for the neuron model; and to adjust the current delay associated
with the input based on a difference between a target time difference and the actual time

difference, the current delay, and an input spike time for the input spike.

[0013] Certain aspects of the present disclosure provide an apparatus for learning
using a spiking neural network. The apparatus generally includes means for delaying an
input spike in a neuron model according to a current delay associated with an input to
the neuron model, wherein the input spike occurs at an input spike time relative to a
reference time for the neuron model; means for emitting an output spike from the

neuron model based, at least in part, on the delayed input; means for determining an
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actual time difference between the emission of the output spike from the neuron model
and the reference time for the neuron model; and means for adjusting the current delay
associated with the input based on a difference between a target time difference and the

actual time difference, the current delay, and an input spike time for the input spike.

[0014] Certain aspects of the present disclosure provide a computer-program
product for learning using a spiking neural network. The computer-program product
generally includes a computer-readable medium having instructions executable to delay
an input spike in a neuron model according to a current delay associated with an input to
the neuron model, wherein the input spike occurs at an input spike time relative to a
reference time for the neuron model; to emit an output spike from the neuron model
based, at least in part, on the delayed input; to determine an actual time difference
between the emission of the output spike from the neuron model and the reference time
for the neuron model; and to adjust the current delay associated with the input based on
a difference between a target time difference and the actual time difference, the current

delay, and an input spike time for the input spike.

[0015] Certain aspects of the present disclosure provide a method of learning using
a spiking neural network. The method generally includes providing, at each of one or
more learning neuron models, a set of logical inputs, wherein a true causal logical
relation is imposed on the set of logical inputs; receiving varying timing between input
spikes at each set of logical inputs; and for each of the one or more learning neuron
models, adjusting delays associated with each of the logical inputs using the received
input spikes, such that the learning neuron model emits an output spike meeting a target
output delay according to one or more logical conditions corresponding to the true

causal logical relation.

[0016] Certain aspects of the present disclosure provide an apparatus for learning
using a spiking neural network. The apparatus generally includes a processing unit
configured to provide, at each of one or more learning neuron models, a set of logical
inputs, wherein a true causal logical relation is imposed on the set of logical inputs; to
receive varying timing between input spikes at each set of logical inputs; and to adjust,
for each of the one or more learning neuron models, delays associated with each of the

logical inputs using the received input spikes, such that the learning neuron model emits
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an output spike meeting a target output delay according to one or more logical

conditions corresponding to the true causal logical relation.

[0017] Certain aspects of the present disclosure provide an apparatus for learning
using a spiking neural network. The apparatus generally includes means for providing,
at each of one or more learning neuron models, a set of logical inputs, wherein a true
causal logical relation is imposed on the set of logical inputs; means for receiving
varying timing between input spikes at each set of logical inputs; and means for
adjusting, for each of the one or more learning neuron models, delays associated with
each of the logical inputs using the received input spikes, such that the learning neuron
model emits an output spike meeting a target output delay according to one or more

logical conditions corresponding to the true causal logical relation.

[0018] Certain aspects of the present disclosure provide a computer-program
product for learning using a spiking neural network. The computer-program product
generally includes a computer-readable medium having instructions executable to
provide, at each of one or more learning neuron models, a set of logical inputs, wherein
a true causal logical relation is imposed on the set of logical inputs; to receive varying
timing between input spikes at each set of logical inputs; and to adjust, for each of the
one or more learning neuron models, delays associated with each of the logical inputs
using the received input spikes, such that the learning neuron model emits an output
spike meeting a target output delay according to one or more logical conditions

corresponding to the true causal logical relation.

[0019] Certain aspects of the present disclosure provide a system for neural
computation of general linear systems. The system generally includes an anti-leaky
integrate-and-fire neuron having a membrane potential, wherein the membrane potential
increases exponentially in the absence of input, wherein the membrane potential
increases in a step upon input, wherein the membrane potential is reset at a reference
time to a reset potential, and wherein the neuron spikes if the membrane exceeds a
threshold; and one or more synapses connecting input to the anti-leaky integrate-and-
fire neuron having delays but no weights and no post-synaptic filtering. For certain
aspects, the anti-leaky-integrate-and-fire neuron spikes upon the membrane potential
exceeding a threshold and the reference time is a time at or after the spike and, upon the

reset, the synaptic inputs subject to delays are cleared.
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[0020] Certain aspects of the present disclosure provide a method of general neuron
modeling. The method generally includes, upon a delayed input event for a neuron,
applying the input to the neuron’s state and computing the neuron’s predicted future
spike time; rescheduling a spiking event for the neuron at the predicted future spike
time; upon a spike event for the neuron, resetting the membrane potential and
computing the neuron’s next predicted future spike time, wherein the resetting of the
membrane potential is to a value that ensures the neuron will spike within a time

duration.

[0021] Certain aspects of the present disclosure provide a method of computing a
linear system using a spiking neuron. The method generally includes determining an
input time spike time relative to an input reference time based on the negative of a
logarithm of an input value; delaying the input by a time delay logarithmically related to
a linear coefficient; and computing an output spike time relative to an output reference
time based on an anti-leaky-integrate and fire neuron model. For certain aspects, the
logarithm has a base equal to an exponential value of the coefficient of change of the
membrane potential as a function of the membrane potential. According to certain
aspects, a neuron output to a post-synaptic neuron represents a negative value by the
absolute value and inhibition for a positive coefficient and excitation for a negative
coefficient, wherein a neuron output to a post-synaptic neuron represents a positive
value by the absolute value and inhibition for a negative coefficient and excitation for a
positive coefficient. For certain aspects, an input value that may be negative or positive
is represented using two neurons, one representing the positive domain as the rectified
value and the other representing the negative domain as the rectified negative of the

value.

[0022] Certain aspects of the present disclosure provide a method of converting
timing information in a spiking neural network. The method generally includes
applying a propagating reference frame wave as input to two or more groups of one or
more neurons, wherein the reference frame wave is a oscillating excitatory and/or
inhibitory potential which is delayed by a different amount before application to each of
the two or more groups; and encoding and/or decoding information in the time of a
spike of a neuron relative to the propagating reference frame wave as applied to that

neuron (or the neuron to which the spike is input).
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[0023] Certain aspects of the present disclosure provide an apparatus for converting
a self-referential relative time to a non-self-referential relative time using a neuron. The
apparatus generally includes an input state which is set upon an input and decays
exponentially following that input; an input latch which stores the input state at a
subsequent input before the input state is reset; and a membrane state which is
incremented by the input latch value upon a reference input and thereafter grows
exponentially until exceeding a threshold, whereupon the membrane state is reset and

where the membrane state does not grow after reset until a reference input.

[0024] Certain aspects of the present disclosure provide a method of learning delays
in a spiking neural network. The method generally includes delaying input by a current
input delay wherein input is in the form of a spike occurring at time relative to a first
reference; determining a current firing delay as an output spike time relative to a second
reference; computing a difference between a target firing delay and the current firing
delay; and adjusting the input delay by an amount depending on the difference between
the target firing delay and the current firing delay, the current input delay, and the input

spike relative time and a learning rate.

[0025] Certain aspects of the present disclosure provide a method for operating a
spiking neural network. The method generally includes determining an input spike time
of an input spike at a neuron model, the input spike time relative to a first reference
time; determining a first output spike time for an output spike relative to a second
reference time in the presence of a plurality of input spikes, the output spike time based
on the input spike time relative to the first reference time; and determining a second
output spike time for the output spike relative to the second reference time in the
absence of the plurality of input spikes based on a depolarization-to-spike delay of the

neuron model.

[0026] Certain aspects of the present disclosure provide a method for operating a
spiking neural network. The method generally includes sampling a value at a first
reference time; encoding the sampled value as a delay; and inputting the value to a
neuron model by generating an input spike at a time delay relative to a second reference

time.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0027] So that the manner in which the above-recited features of the present
disclosure can be understood in detail, a more particular description, briefly summarized
above, may be had by reference to aspects, some of which are illustrated in the
appended drawings. It is to be noted, however, that the appended drawings illustrate
only certain typical aspects of this disclosure and are therefore not to be considered

limiting of its scope, for the description may admit to other equally effective aspects.

[0028] FIG. 1 illustrates an example network of neurons in accordance with certain

aspects of the present disclosure.

[0029] FIG. 2 illustrates a transformation from the real-valued domain to the spike-

timing domain, in accordance with certain aspects of the present disclosure.

[0030] FIG. 3 is a timing diagram illustrating the relationships between relative
times and shifted time frames, in accordance with certain aspects of the present

disclosure.

[0031] FIG. 4 is a block diagram of a neuron model illustrating dendritic delays, in

accordance with certain aspects of the present disclosure.

[0032] FIG. 5 illustrates an exponentially growing membrane potential and firing of

a neuron, in accordance with certain aspects of the present disclosure.

[0033] FIG. 6 is a block diagram of the architecture for a single anti-leaky-integrate-
and-fire (ALIF) neuron model, in accordance with certain aspects of the present

disclosure.

[0034] FIG. 7 is a timing diagram and associated pre-synaptic and post-synaptic
neurons illustrating the difference between non-self-referential post-synaptic neuron
(NSR-POST) reference time and a self-referential (SR) reference time, in accordance

with certain aspects of the present disclosure.

[0035] FIG. § illustrates all possible combinations of positive and negative values
and positive and negative scaling values leading to excitatory and inhibitory inputs on a

neuron, in accordance with certain aspects of the present disclosure.
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[0036] FIG. 9 illustrates representing a negative value with a neuron coding
{—x;{t}]: positively and connected as an inhibitory input, in accordance with certain

aspects of the present disclosure.

[0037] FIG. 10 is a flow diagram of example operations for scaling a scalar value

using a neuron model, in accordance with certain aspects of the present disclosure.

[0038] FIG. 11A illustrates example input values over time, output values over time,
and linearity when scaling a scalar input on a single dendritic input of a single neuron
model using a temporal resolution of 0.1 ms, in accordance with certain aspects of the

present disclosure.

[0039] FIG. 11B illustrates example input values over time, output values over time,
and linearity when scaling a scalar input on a single dendritic input of a single neuron
model using a temporal resolution of 1.0 ms, in accordance with certain aspects of the

present disclosure.

[0040] FIG. 12A illustrates example input values over time, output values over time,
and linearity when scaling scalar inputs on ten dendritic inputs of a single neuron model
using a temporal resolution of 0.1 ms, in accordance with certain aspects of the present

disclosure.

[0041] FIG. 12B illustrates example input values over time, output values over time,
and linearity when scaling scalar inputs on ten dendritic inputs of a single neuron model
using a temporal resolution of 1.0 ms, in accordance with certain aspects of the present

disclosure.

[0042] FIG. 13A illustrates example input values over time, output values over time,
and linearity when scaling scalar inputs on ten dendritic inputs of a single neuron model
using a temporal resolution of 1.0 ms, using both positive and negative scaling values,

in accordance with certain aspects of the present disclosure.

[0043] FIG. 13B illustrates example input values over time, output values over time,
and linearity when scaling scalar inputs on ten dendritic inputs of a single neuron model

using a temporal resolution of 1.0 ms, using both positive and negative scaling values,
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but erroneously omitting the flip to inhibition for comparison with FIG. 13A, in

accordance with certain aspects of the present disclosure.

[0044] FIG. 14 illustrates example input values over time, output values over time,
and linearity when scaling scalar inputs on ten dendritic inputs of a single neuron model
using a temporal resolution of 1.0 ms, using both positive and negative scaling values
and a noise term added to the membrane potential of the neuron model, in accordance

with certain aspects of the present disclosure.

[0045] FIG. 15 illustrates providing the same reference to two neurons, in

accordance with certain aspects of the present disclosure.

[0046] FIG. 16 illustrates a feed-forward case of using a reference for two neurons,

in accordance with certain aspects of the present disclosure.

[0047] FIG. 17 illustrates a feedback case of using a reference for two neurons, in

accordance with certain aspects of the present disclosure.

[0048] FIG. 18 illustrates a propagating reference wave for a series of neurons, in

accordance with certain aspects of the present disclosure.

[0049] FIG. 19 illustrates an example timing diagram for the series of neurons
having the propagating reference wave of FIG. 18, in accordance with certain aspects of

the present disclosure.

[0050] FIG. 20 illustrates using an example g- neuron, in accordance with certain

aspects of the present disclosure.

[0051] FIG. 21 illustrates linearity graphs for 1, 2, 4, 8, 16, and 32 inputs to a

neuron model, in accordance with certain aspects of the present disclosure.

[0052] FIG. 22 is a flow diagram of example operations for emitting an output spike
from a neuron model based on relative time, in accordance with certain aspects of the

present disclosure.

[0053] FIG. 22A illustrates example means capable of performing the operations
shown in FIG. 22.
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[0054] FIG. 23 illustrates an input spike that may likely influence firing of a post-
synaptic neuron and another input spike that will not, in accordance with certain aspects

of the present disclosure.

[0055] FIG. 24 illustrates five representative pre-synaptic neurons and a post-

synaptic neuron, in accordance with certain aspects of the present disclosure.

[0056] FIGs. 25A and 25B illustrate example results of learning coefficients for a

noisy binary input vector, in accordance with certain aspects of the present disclosure.

[0057] FIG. 26 illustrates example results of learning coefficients for a noisy binary
input vector in graphs of the delays and the weights for each of the inputs, in accordance

with certain aspects of the present disclosure.

[0058] FIG. 27 illustrates example results of learning coefficients for a noisy real-

valued input vector, in accordance with certain aspects of the present disclosure.

[0059] FIG. 28A is a graph of the delays after the first iteration for a logical OR

relation, in accordance with certain aspects of the present disclosure.

[0060] FIG. 28B is a graph of the delays after the first iteration for a logical AND

relation, in accordance with certain aspects of the present disclosure.

[0061] FIG. 29A is a graph of the delays after a number of iterations for a logical

OR relation, in accordance with certain aspects of the present disclosure.

[0062] FIG. 29B is a graph of the delays after a number of iterations for a logical

AND relation, in accordance with certain aspects of the present disclosure

[0063] FIG. 30 illustrates the convergences (as a function of the number of
iterations) for learning the logical relations, in accordance with certain aspects of the

present disclosure.

[0064] FIG. 31 illustrates implementing both negation and ensemble deduction for
learning in a spiking neural network, in accordance with certain aspects of the present

disclosure.
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[0065] FIG. 32 is a flow diagram of example operations for learning in a spiking

neural network, in accordance with certain aspects of the present disclosure.

[0066] FIG. 32A illustrates example means capable of performing the operations
shown in FIG. 32.

[0067] FIG. 33 is a flow diagram of example operations for causal learning in a

spiking neural network, in accordance with certain aspects of the present disclosure.

[0068] FIG. 33A illustrates example means capable of performing the operations
shown in FIG. 33.

DETAILED DESCRIPTION

[0069] Various aspects of the disclosure are described more fully hereinafter with
reference to the accompanying drawings. This disclosure may, however, be embodied
in many different forms and should not be construed as limited to any specific structure
or function presented throughout this disclosure. Rather, these aspects are provided so
that this disclosure will be thorough and complete, and will fully convey the scope of
the disclosure to those skilled in the art. Based on the teachings herein one skilled in the
art should appreciate that the scope of the disclosure is intended to cover any aspect of
the disclosure disclosed herein, whether implemented independently of or combined
with any other aspect of the disclosure. For example, an apparatus may be implemented
or a method may be practiced using any number of the aspects set forth herein. In
addition, the scope of the disclosure is intended to cover such an apparatus or method
which is practiced using other structure, functionality, or structure and functionality in
addition to or other than the various aspects of the disclosure set forth herein. It should
be understood that any aspect of the disclosure disclosed herein may be embodied by

one or more elements of a claim.

[0070] The word “exemplary” is used herein to mean “serving as an example,
instance, or illustration.” Any aspect described herein as “exemplary” is not necessarily

to be construed as preferred or advantageous over other aspects.

[0071] Although particular aspects are described herein, many variations and

permutations of these aspects fall within the scope of the disclosure. Although some
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benefits and advantages of the preferred aspects are mentioned, the scope of the
disclosure is not intended to be limited to particular benefits, uses or objectives. Rather,
aspects of the disclosure are intended to be broadly applicable to different technologies,
system configurations, networks and protocols, some of which are illustrated by way of
example in the figures and in the following description of the preferred aspects. The
detailed description and drawings are merely illustrative of the disclosure rather than
limiting, the scope of the disclosure being defined by the appended claims and

equivalents thereof.
AN EXAMPLE NEURAL SYSTEM

[0072] FIG. 1 illustrates an example neural system 100 with multiple levels of
neurons in accordance with certain aspects of the present disclosure. The neural system
100 may comprise a level of neurons 102 connected to another level of neurons 106
though a network of synaptic connections 104. For simplicity, only two levels of
neurons are illustrated in FIG. 1, although fewer or more levels of neurons may exist in

a typical neural system.

[0073] As illustrated in FIG. 1, each neuron in the level 102 may receive an input
signal 108 that may be generated by a plurality of neurons of a previous level (not
shown in FIG. 1). The signal 108 may represent an input (e.g., an input current) to the
level 102 neuron. Such inputs may be accumulated on the neuron membrane to charge
a membrane potential. When the membrane potential reaches its threshold value, the
neuron may fire and generate an output spike to be transferred to the next level of

neurons (e.g., the level 106).

[0074] The transfer of spikes from one level of neurons to another may be achieved
through the network of synaptic connections (or simply “synapses™) 104, as illustrated
in FIG. 1. The synapses 104 may receive output signals (i.e., spikes) from the level 102
neurons (pre-synaptic neurons relative to the synapses 104). For certain aspects, these

signals may be scaled according to adjustable synaptic weights wfi’iﬂ),..., wg’iﬂ)

(where P 1is a total number of synaptic connections between the neurons of levels 102
and 106). For other aspects, the synapses 104 may not apply any synaptic weights.
Further, the (scaled) signals may be combined as an input signal of each neuron in the

level 106 (post-synaptic neurons relative to the synapses 104). Every neuron in the
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level 106 may generate output spikes 110 based on the corresponding combined input
signal. The output spikes 110 may be then transferred to another level of neurons using

another network of synaptic connections (not shown in FIG. 1).

[0075] The neural system 100 may be emulated in software or in hardware (e.g., by
an electrical circuit) and utilized in a large range of applications, such as image and
pattern recognition, machine learning, motor control, and the like. Each neuron (or
neuron model) in the neural system 100 may be implemented as a neuron circuit. The
neuron membrane charged to the threshold value initiating the output spike may be
implemented, for example, as a capacitor that integrates an electrical current flowing

through it.
EXAMPLE SPIKING NEURAL COMPUTATION

[0076] Various methods for designing neural networks have been proposed. For
example, a method of engineering or synthesizing neural simulations was recently
proposed by Eliasmith and Anderson using a Neural Engineering Framework (NEF).
See, e.g., Chris Eliasmith & Charles H. Anderson, Neural Engineering: Computation,
Representation, and Dynamics in Neurobiological Systems, MIT Press (2003),
http://compneuro.uwaterloo.ca and Chris Eliasmith, A Unified Approach to Building
and Controlling Spiking Attractor Networks, Neural Computation 17, 1276-1314
(2005). This method relies on representing an encoded value in the activities {a;} of a
set of neurons (indexed by i). A value may be estimated by linear function of the

activities,

[0077] In order to represent the value, the activities of the neuron population must

be sufficiently diverse such that there exists a set {¢,} that can estimate the value from

those activities. For example, if all neurons have the same dynamics, the activities may

be insufficiently diverse to obtain an accurate or precise representation of the value.
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[0078] Neuron firing rate may be used as the neuron activity measure. However, it
was proposed that a temporal code may be incorporated by expressing the activity as a

filtered spike train:

where v;{t} is a binary value (1 representing a spike and O representing no spike). But
for conservation of significant information, this relies on having a post-synaptic filter

f;{t} per synapse and that &;{#} has a significant time constant. Eliasmith and

)

Anderson actually assumed that the dynamics of the post-synaptic filter dominate the

dynamics of a neuron’s response and modeled the filter with time constant 7 as

[0079] Effectively, this converts a Boolean time series y;{t} into a real-valued time
series «;{t} similar to a firing rate. Unfortunately, this results in information loss (or
from another perspective, the resolution of the represented values are limited). This
may be compensated for by increasing the neuron population size. Finally, the method
uses synaptic weights to linearly transform inputs to achieve a desired function

(assuming it is other than identity).

[0080] A full neural description for NEF includes: (1) post-synaptic filters k;;{t} of
the form described above for each input neuron i to each neuron j, (2) synaptic weights
wy; for each input neuron i to each neuron j to decode the inputs, (3) synaptic weights

to re-encode the inputs, and (4) the soma dynamics.

[0081] However, there are a number of problems with this method. First, it is an
inefficient solution in spiking neuron form because the method can be applied merely
using firing rates. In other words, what is the motivation to use a spiking neural
network if a rate-based neural network can be used? The method merely converts
Boolean sequences into real-valued sequences. Second, the method is computationally
complex, requiring post-synaptic filters per synapse and encoding and decoding
transformations and weights. Third, a diverse population of neurons must be used to

represent a system because there must be sufficient basis for the encoding/decoding to
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represent the value-space. This means that a system requires neurons with different

tuning curves (firing rates as a function of input). Fourth, learning is an open problem.

[0082] Similarly, other prior methods have represented information in the firing rate
of a neuron or in the firing activity of a population of neurons. This population coding
type of scheme is often used with probabilistic firing models of neurons (such as
Poisson firing neurons). These types of schemes require windows of observations of the
spiking behavior to determine the population coded average firing rate, which represent
the information. The probabilistic methods are also inherently noisy even before
introducing external noise and thus at a disadvantage. None of these schemes solves the
problems because of this use of firing rate as the code, use of precise weights, and

complex computational schemes.

[0083] Accordingly, what is needed are techniques and apparatus for implementing
a highly efficient, biologically consistent spiking neural network that applies
universally. Consequently, three key problem areas are presented in the above

statement: efficiency, biological consistency, and universality or generality.

[0084] As used herein, the term “efficiency” generally refers to, a neuron
computation system that does not require multiple neurons or neuron populations to
compute basic scalar functions and does not require significant time to observe outputs,
convert, and average out the output to obtain firing rate values. The neuron should also
be computationally non-complex, be non-probabilistic, and not require computation of

filters or precise floating point computations.

[0085] As used herein, the term “biologically consistent” generally means that the
neuron dynamics and connection processing should be biologically motivated (realistic)
and not merely specified by engineering or computational convenience. Moreover,
information should ideally be coded in the spiking of neurons rather than their average
firing rate. Neuron parameters, and parameter ranges, such as synaptic strength

distribution, should likewise be biologically consistent.

[0086] As wused herein, the term ‘“universal” generally refers to a neural
computational system equivalent to general computational or control systems. Such
systems may be modeled as a linear system or a combination of linear subsystems. Any

linear system may be described by the equations
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(Y= Wx{s} orx{sr + Aty = Wx{t)

[0087] This formulation of a linear system is general in that the vectors x may
include inputs, internal state variables, or outputs (typical formulations of the first type
separate inputs and states by expressing x{t} = Ax{¢} + Bu{t)). Any linear control
system may be expressed in these terms (although some of the matrix ¥ entries may be
zero depending on the system so “inputs” may be updated by external event rather than

by the equation itself). Fundamentally, one is thus concerned with the element
% () = wxlt) or v (¢ + A} = wxi)

which expresses the dynamics of each element of the vector x. Although aspects of the

present disclosure are not limited to a linear system, this is a very general framework in
which to describe certain aspects because the linearity can be replaced by desired non-
linear functions, or the linearity can be used to model nonlinear functions with linear

system models.

[0088] Aspects of the present disclosure include a method for spiking neural
networks. However, weights are unnecessary. In other words, a connection may either
exist (significant synapse) or not (insignificant or non-existent synapse). Certain
aspects of the present disclosure use binary valued inputs and outputs and do not require
post-synaptic filtering. However, certain aspects of the present disclosure may involve

modeling of connection delays.

[0089] According to certain aspects of the present disclosure, using the methods
described herein, any linear system may be efficiently computed using spiking neurons
without the need for synaptic weights or post-synaptic filters, and information is coded
in each individual spike. Information may be coded in the relative timing of each spike
so there is no need to accumulate activity to determine information in rates. Neuron
spike response time may be computed directly (deterministic), in discrete or continuous
time, in an event-based manner, thus further saving on computation and memory access.
Because a single neuron can represent a linear transformation of arbitrary precision,
certain aspects of the present disclosure may use the minimal number of neurons for any
set of variables. Moreover, certain aspects do not require neurons with different tuning

curves to retain fidelity. Certain aspects of the present disclosure also do not require
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probabilistic firing or population coding. Certain aspects may also be interfaced with
neurons that classify temporally coded patterns. In other words, certain aspects of the
present disclosure may be used to compute transformations of input, which may then be
used to classify or recognize aspects of the input. Conversely, responses of neurons to
temporal patterns may be supplied to a set of neurons operating according to the certain

aspects.

[0090] Certain aspects of the present disclosure exhibit behavior that is biologically
consistent. For example, certain aspects do not use synaptic weights. Either there is a
connection between neurons, or there is not. In biology, dendritic spines tend to either
grow into synapses of nominal strength (depending on location) or disappear. As
another example, certain aspects use a propagating reference frame wave to convert
information coded in time from a self-referential form to a non-self-referential form. In
biology, local oscillations between excitation and inhibition have been observed,
including offsets between different cortical areas. As yet another example, certain
aspects use a neuron model that is at or close to a depolarization threshold above which
the neuron’s membrane potential increases even without further input. Biological

neural circuits may operate at or near this depolarization threshold, as well.

[0091] Certain aspects of the present disclosure may also be used with probabilistic
or deterministic firing models. And, noise may be added (tolerated) on top of either of
these model types. Since such models may be operated in an underlying deterministic
mode (absent noise), these models may perform fast and reliable computations and

gracefully handle the addition of noise.

[0092] Certain aspects of the present disclosure may also reduce power
consumption because they include an event-based or scheduled neuron method in which
the cost of computation may be independent of the temporal resolution. This may also
explain how/why biological brains make use of sparse coding for efficient power

consumption.

[0093] Another advantage for certain aspects of the present disclosure is that these
aspects may operate in asynchronous or synchronous modes or forms. In asynchronous
form, the sampling rate may be proportional to the significance of the input. When

input is negligible or low, the sampling rate may be low, thus saving power and



WO 2013/119867 PCT/US2013/025219

19

resources. When the input is significant or large, the sampling rate may increase, thus

increasing both precision and response time.

[0094] These and additional advantages will become apparent in the description that
follows. Note that many of the advantages for aspects of the present disclosure may be
expressed in terms of the lack of a particular disadvantage for other conventional

methods and neuron models.

Coding Information in Relative Time

[0095] Suppose that information may be encoded in the relative time between
spikes of a neuron or in the relative time between spikes of one neuron and another (or
even more generally, as will become apparent later, between the spike of one neuron
and some reference time). In certain aspects, information may be represented in the
relative timing between spikes in two basic forms: (1) the relative time between
consecutive spikes of the same neuron; and (2) the relative time between a spike of one

neuron and a spike of another neuron (or reference).

[0096] Strictly speaking, in the first case the relative time need not be between
consecutive spikes, and in the second case the relative time need not be between the pre-

synaptic neuron and the post-synaptic neuron. Regardless, let this relative time be

such that it is related to value x as follows,

y=qg fort=—loggx

[0097] Effectively, the relative time is the logarithm in base g of the value. The
above transformation converts relative time (spike timing) domain to/from real-valued
(variable) domain. Thus, any scaling of the value is merely a time difference in the

relative time,

Xy = WigXy = Tg = T; + 8T

where &7, = —log. wi. Thus, a value represented in the delay between spikes may be

scaled by an arbitrary amount by merely adding a delay.
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[0098] FIG. 2 illustrates a transformation from the real-valued domain 200 to the
spike-timing domain 210, in accordance with certain aspects of the present disclosure.

In the real-valued domain 200, output value x; of neuron j 202 is scaled by w to obtain
output value x, of neuron k 204. In the spike-timing domain 210, delay z is added to

relative time ; of neuron j 202 to determine relative time ¢, of neuron k 204.

[0099] Note that in a causal system, time delays are positive. However, scaling a
value by a factor of less than one may be achieved by shortening the delay between the
spikes by an arbitrarily large nominal amount and then adding back an amount

sufficient to achieve the overall scaling &z, " = —T + Az, or
Ty = T — T ‘§' ;'3?:-;;;3‘
; ; jk

[00100] How this may be done with neurons will be explained in detail further
below. For the moment, it may be assumed that any arbitrary scaling may be achieved
using this concept if any scaling equal to or larger than one may be achieved. In a
practical network, relative time delays may be limited to a certain maximum (given by a
nominal neuron firing rate in the absence of input or by the maximum delay that can be
incurred by a connection from one neuron to another). This may not limit the scaling
that may be achieved because a desired value range may be covered by scaling the

underlying values.

[00101] Converting between forms of relative timing may include: (1) converting a

relative time 7, between consecutive spikes of the same neuron i to a relative time t
between spikes of neuron j and neuron & (or reference i); and (2) converting a relative
time 1,; between spikes of neuron jand neuron & (or reference &) to a relative time T,

between consecutive spikes of the same neuron {.

[00102] The difference between a self-referential relative time ¢; and a non-self-

referential relative time T, may be seen by considering spike trains. Let the spiking

output of a neuron j be described by y;{t},

o
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(0= 8 —1)

5

where s is the index of spike (1%, 2™ 3 and so forth). Thus, ¥;{t} is merely a binary

sequence. The relative time between consecutive spikes of neuron § is

sy =¢t5 —¢F 1

F 3 7

[
)

However, the relative time between spikes s of neuron j and r of neuron ¥ (or reference

k) is

yelsr) =4 -1
[00103] Now, suppose output ¥, {t} from neuron j is submitted as an input to neuron

k. If at a time ¢ that is subsequent to processing of all input spikes prior to spike s, then

only spike s may be of concern, so,

(6 = 8(r —5)

&

[00104] Now, the time may also be shifted to an arbitrary reference time #, where

t = ¢, + t'. Now, in the shifted time,

-
-3

[00105] Now, applying the same time shift to the spike, rfr =t

¢ — iy, and using the

3
-

short hand 7. = ¥, one obtains

!

v (&) = 5{¢’

,,g,..
v
N
|
3
_—

[00106] FIG. 3 is a timing diagram 300 illustrating the relationships between relative
times and shifted time frames, as described above. From the timing diagram 300 and
the equations above, it may be seen that any spike train input from one neuron to
another may be considered in terms of the timing of the next spike relative to a
reference time and accounting for delay in the connection. These concepts of relative
time and time reference shifting will be central to the explanation of certain aspects of

the present disclosure below.
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General Spiking Neural Systems

[00107] Many biologically consistent models of neurons have been proposed. One
spiking neuron model that is particularly biologically consistent and flexible is the

Izhikevich simple model described by the following pair of differential equations,
— =l — v My — v — out oafi— = oo {r — v} — )
and the spiking condition,

ifw{ty»vg—vitl = Lot + ) = u{t +£) = ut) — ¢

where ¢;’s are neuron parameters (derived from conductance, etc.) and 1., v , and g

are membrane voltage thresholds, [ is the net input at time &, and where generally

et

*e = vy > v and generally # > &, other than in a refractory time period. The output
v{t) = @ if the spiking condition is not met. However, the voltage equation operates in
two domains: (1) w» < v, where the neuron operates like a leaky-integrate-and-fire
(LIF) neuron; and (2) ¥ = ©, where the neuron operates like an anti-leaky-integrate-and-

fire (ALIF) neuron.

[00108] Note that when ¥ < w, the larger the magnitude of the difference v — #,, the
smaller the magnitude of the difference v — . so that the two may be considered to
balance one another. Moreover, without loss of generality, one may set . = {t and
scale the parameters according to 3, ¢4, and ¢z so that one may simplify and write for

17 o= e,

v +1
= o — YU
dr !

where g <. 0. Here, the voltage domain has been shifted by the amount i+, without loss
of generality. In contrast, when ¥ > %, the term {¥ — v} grows with a larger slope
than {zr — w,.}, and thus, one may be motivated to simplify and write for © > #,

dr

— wgpy L F
— = g — yu+ i
dt
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where g = . The key is that the sign of g is flipped so that the voltage grows and

grows increasingly faster.

In general, given any background input activity, input noise level, or prior spikes, any
given spike may tip the balance from # < w, to ¥ > w»,. The above generalization
reflects that a neuron level may be maintained within a margin of this balance so one
may generalize and set w, = & initially (after spiking or after a refractory period
following a spike). However, due to these generalizations, to reconcile the voltages in
the two different domains may most likely entail a compensation computation to
convert between them (i.e., when ¥ reaches a threshold #z in the g < & domain, w is
converted to ¥ = v — vg = 0 in the g < 0 domain and vice versa). Although this is
straightforward to do, it is unnecessary for the aspects of this disclosure because there
may be no need to move between domains, as will become apparent later. It may also
be observed that for particular parameter settings of ¢, ¢, and ¢z, the state variable

may have negligible contribution to these dynamics so one may generally simplify to

i

P

=pv+1

>

£

[00109] Effectively, one can see that the Izhikevich simple model may be simplified
to (i.e., modeled as) a leaky or anti-leaky-integrate-and-fire (ALIF) neuron depending
on the domain of operation. Moreover, if no post-synaptic filtering and no weights are
assumed, the input spikes may be used as the inputs to neuron & subject to some

connection delays (such as dendritic or axonal delay), such that

[00110] FIG. 4 is a block diagram 400 of a neuron model 410 depicting the
connection delays as dendritic delay lines, in accordance with certain aspects of the
disclosure. The dendritic input lines for inputs i;are coupled to dendritic delay
elements 412 representing connection delays for each input ;. The delayed inputs are

then summed (linearly) by the summer 414 to obtain .

[00111] Now, assume that superscript + represents the g > §§ domain and superscript

—represents the g = § domain. For the anti-leaky domain for neuron %,
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where ¢~ {k,{} is the index of the pre-synaptic neuron corresponding to synapse { for
post-synaptic neuron &. Such a neuron will typically have an exponentially growing
membrane potential, beginning at a reference time &, when the potential is bumped up

above zero (i.e., above zero by some amount or threshold).

[00112] For example, FIG. 5 illustrates such an exponentially growing membrane
potential and firing of a neuron with respect to time. In FIG. 5, the y-axis 504
represents the membrane potential of the neuron, and the x-axis 502 represents time. As
shown, when, at reference time t,, the membrane potential of the neuron is above zero
by a certain amount, the potential grows exponentially. After this point, the neuron will
typically fire unless there are inhibitory inputs sufficient to bring the potential back to
zero or below. Typically, excitatory inputs will merely cause the neuron to fire sooner.
For example, as shown in FIG. 5, an input from neuron j at time ¢, causes the neuron to
fire sooner. This is a general formulation. For example, one could set the reference
time to the time the neuron fires. Then, upon firing the neuron merely has the voltage

reset to a small value above zero immediately.

[00113] One may write equivalently using indices of the pre-synaptic neurons
dvg {t)
—— = pYu {1) +E}§@ — ATy}
at e

[00114] Taking the Laplace transform, one may obtain

where according to the generalization v {t; } # ©. For the moment, a reference time
may be used that is actually the last spike of the neuron &, so y;{t} = &'{t —t, — “T;,}

Taking the inverse Laplace transform in shifted time %, = t — t; yields
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[00115]

[00116]

[00117]

where ;g

[00118]

[00119]

[00120]

i i

Solving for 7y,

Ty = i\iogvg {Tyd — 1\ loglvd{t )+ N g e lperanyd
pt = : ¥ I

Manipulation yields,

{;Q} —gt Ty — T;{f;}*‘ E —pF T A

i

Defining ¢ = &# |

-1-.'?2:. !ixr'{
&) s Yo )
1 \ ,-

+a 3 " : —_ - .
= e 7 Mt and Awy = vty ) v (Tl

¥

In discrete time form with temporal resolution #t,

vty = {1 +arpdel (£ — Aty + Z ¥ {t — At — A1)
-
Defining g = {1 + Atp ™LA
v {t) = g% v ( ) | s S KoY
ve (0 = g% vt — Ao+ Z ¥t — At — A7)
i

In non-recursive form in shifted time ¥;; = ¢ — ¢,

L o —Th et e—T ) T AT L, -
v {Tdg R = v+ S g VERTSRI T kfe% + AIW*“
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[00121] Supposing a spike occurs at self-referential time 7, and assuming all inputs

considered (i.e., without loss of generality) occur before that spiking time,

C) = awe+ Y e (D)
(;) = Dy : Wiy i\q_.-‘

P Y Ay — TS fat €
where e, = g "t fog (), and Awy = vy (t vy (1),

[00122] As described above, a desired linear system may be expressed as follows:

50 = ) (0 + 1

§

and a transformation from value to time may be expressed as x = ¢~* or T = —log, x.

Accordingly, a single neuron & may be utilized in an effort to compute the desired linear

result by the conversion

Ty = —logg x;
T = —logg i
[00123] To minimize #;, which is nominally modeled by #; = A¢w,, one typically

desires A, — @ or that the neurons spike threshold 1, {1y} » v, {t; ). Minimizing 7,

is not strictly necessary, but it promotes a motivation for a precise mapping.

[00124] To implement a desired operation, one may simply set the delays,
3 PR
Aty = —log, {\:)},\1{ {:,ﬁ}

[00125] Without a loss of generality, one may set ;{t;}= 1= 1, so that
Awr, = 1/w5 {1} = 1/%g, and thus, one may control the minimally required size of the

11y term by choosing a sufficiently large spiking threshold.

[00126] Also note that this single neuron & may process real-valued operations with

infinite resolution if given infinite time resolution (i.e., &t — ) in which case g = ¢* .

However, in practice this may not be necessary. Note that this is not necessarily

undesirable because operating in continuous time does not require continuous updates.
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One may most likely only update equations on events (inputs or spikes, and these events
may be computed given the un-nested expressions provided above). Nevertheless, for a

discrete time system operating in time steps At > ,

And as the base of the logarithm for the conversion between values and relative times, g
impacts how temporal resolution will impact value resolution in log scale. In turn, this

depends on the parameter g~ which is subject to p* > .

[00127] Finally, this may be labeled as neuronal operation 7; = gi {{r}zt In the

spike-timing domain,

But in the value-domain,

¥

g% {b&) = xpitd = Z w40} +
¥

[00128] This operation may not actually be computed, but rather, an equivalent

computation is carried out by a spiking neuron governed by the differential equation,

where

and spiking condition,
vy (1) 2 vy = vt} = Wl = Lv

[00129] If there is no input, the neuron will fire at



WO 2013/119867 PCT/US2013/025219

28
e T OBy T O8ay
& Wb g

Thus, the maximum non-self-referential input time (for the input to affect the soonest

spiking time) is T = t) , (assuming minimum delays). Similarly, for delays:

Aty < tF . Thus,
+rax e
—tg JAtg . [ R
g =g R fPgOr mj;ﬁ: =g v fig
[00130] Conversely, the smallest non-zero time delay in a discrete time system with

resolution &t is Af. Thus, for a non-zero effect,

— AF - —_ ;
e S e Mg orwy < g7 g

o~

[00131] Similarly, the output of a neuron (if non-zero / not-instantaneous) is limited

in range to {if, f;' 1. Thus, the coded value is in the range,

[00132] It may be noted that a value of x; = 1 yields an input delay 0 and that a

value of x; = q"t-’f =g yields an input delay of *“”* Thus, one may generally operate
with inputs in the range [0,1]. However outputs may be offset by A¢wy and be, at most,
N/qvys (for N inputs) because of the weight range. Thus, the meaning of outputs may be

arbitrarily redefined as follows:

{x, — Sy i
xp=— = 0 XyUg N
B j\t 4
What this means in terms of feeding output of one neuron to the input of another neuron

will be explained in the description below.

[00133] In summary, a neuronal framework for universal computation of a linear
expression—which is powerful enough to compute a value of arbitrary precision with a
single neuron given sufficient temporal resolution—has now been provided. The
neuron is an anti-leaky-integrate-and-fire (ALIF) neuron, which has a voltage reset to a
nominal setting above zero after spiking or after a refractory period. The neuron’s

synapses have no weights and no post-synaptic filters. However, the connections have
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delays. FIG. 6 is a block diagram 600 of the architecture for a single anti-leaky-
integrate-and-fire (ALIF) g; neuron %, in accordance with certain aspects of the

disclosure.

[00134] A simulation or implementation of the neuron may be conducted in
continuous time or discrete time. The discrete time operation may proceed step-by-step
by iteration of the above discrete time equation(s). However, continuous time (and
discrete time) implementation may also be executed in an event-based manner as

follows upon an input event occurring at time #:

1. Update the neuron state variable w{t} based on the state at the previous event

f

time 1%, using either the continuous time or discrete time equations,

{r_ ,as-\

yorwi () =g *

in
IS
[y

2. Add the input,

1wy {t)

i
o~

¥ : {£} + 1 (for excitatory)
v () = v {t} — 1 (for inhibitory)

3. Check for spike, if v {t} = v, then ¥ {t} = ¥ and reset 5 {t} = v,.

4. Schedule events for each neuron { with a synapse from neuron & at time ¢ + Aty

5. Check when the neuron will fire without further input using either the
continuous time or discrete time equations,
g5 =t Hloglva/vs (e /oT or

g2 =t +log v /v (U e"

6. Reschedule the currently scheduled firing-absent-further-input event to time

noxt

£:°**. Note that if the neuron will not fire without further input, the time t;

naxd

may effectively be set to infinity or some sufficiently large number or indicator

thereof (alternatively to a time in the past so that it will never be executed).

7. Upon a firing-absent-further-input event, set y, {r} = 1 and reset v {t} = »,
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[00135] Note that if operating in discrete time, the scheduled times of events may be
either rounded or otherwise converted to the nearest multiple of the time resolution at,

for example,

tE = ceil(r35F S AL) At

[00136] As described above, the information in the input is coded in the time

difference (%;;) of spikes between the input spike time 702 and the prior output spike

time 704 of the post-synaptic neuron (e.g., neuron k) or non-self-referential form
relative to the post-synaptic neuron or (NSR-POST), as illustrated in FIG. 7. In

contrast, the information in the output is coded in the time difference (z;) between

consecutive spikes of the post-synaptic neuron or self-referential (SR) form.

[00137] The method described above may be generalized and may use SR or NSR
(whether NSR relative to the post-synaptic neuron or some third neuron) for input or

output forms. This generalization is described in more detail below.

Converting Information for External Input or Output

[00138] Input may be provided to a synapse as a spike train y;{t}. However, a
sensory input sequence is often in a real-valued form x;{z}. Such a sequence may be
converted into a SR or NSR spike train in several ways. First, basic forms are

considered.

[00139] A sequence x;{t} may be converted to an SR temporally coded spike

sequence ¥ {¢} according to the following algorithm:

1. Let ¢ be the last time neuron { spiked (arbitrarily initialized to 0) (i.e., set ¢~ to

the previous value of t).

2. Compute 7, = —log_ ¥,ft}, where £,{t} is a function of x,{t} (such as the mean
value) over a short time period T after ¢ (or alternatively a short time period

T prior to ¢ ).

3. Let the time of the next spike be 7 = & + 7,.
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[00140] To perform the reverse conversion x;{t} may be set to x;{t; < ¢} until a

spike occurs at time ¢. Then, set x{t} = g * where t; = t — ¢t .

[00141] A sequence x;{t} may be converted to an NSR temporally coded spike

sequence ; {t} according to the following algorithm:

1. Let ¢; be the last time neuron & spiked (arbitrarily initialized to 0) (i.e., set ¢, to

the previous value of ;).

2. Compute 1, = —log %,{t}, where %;£t} is a function of x,£t} (such as the mean
value) over a short time period T after ¢ (or alternatively a short time period

T prior to t7).
3. Let the time of the next spike be ;" =1, +7, .

[00142] To perform the reverse conversion, x,{t} may be set to x,{#; <t} until a

spike occurs at time ¢. Then, set »,{t} = g " where 7, =1—1, .

[00143] At this point, it may now be evident that a single neuron may be used to
implement a linear transformation from any number of inputs to a single output.

However, by using multiple neurons, any transformation from i inputs to ¥ outputs,
Xoyt {8} = Wa (8]

may be computed by # neurons with delays computed given the rows of matrix .

Moreover, some of those outputs may be fed back as inputs (i.e., there can be overlap).

[00144] Above, only the soonest spike that would occur for each input frame has
been considered. This is a subtlety in the neuron model. Effectively, the ALIF neuron

was modeled as described above with an additional operation upon firing (namely, when

-

checking for a spike, if ] {t} = vg, then v, {t} = 1, reset v {t} = 1, and clear all

<

inputs v {t oqrt fOI £ .o < t). What this means is that upon firing, the neuron forgets

lex

about any inputs that have not yet propagated to the soma. Thus, the neuron will not

fire again merely because of superfluous inputs.
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[00145] However, this is not strictly necessary. Alternatively, the neuron may be
allowed to fire again and merely accept an occasional error. Another way to deal with
this is to set up an oscillation that drives the system in a frame-like mode where only
particular outputs are taken to have meaning. Another way is to use inhibition to
prevent firing for some time and clear the system for the next computation. Thus, there
are many ways to get around this. The remainder of the disclosure will continue using

the above model.

[00146] It may also be noted that a different base (e.g., a different g) may be used for

every neuron if desired. For a single input, assuming &, — O,
ai{te) =t = Aty + 1

If a different parameter g is used for the input g, and the output g,

T, = — Q0. X
ik Eabqj X;
T, = —logg %y

In the value domain, this not only provides another means of scaling, but it also allows

one to operate different neurons in different ranges and interface them.

[00147] For certain aspects, an alternative to the above conversions is to use a proxy
neuron to convert real-valued input to either SR spikes or NSR spikes (for this purpose

any type of neuron might be used).

[00148] Next, negative weights (coefficients) are considered. There are no non-
complex valued delays corresponding to negative weights in the value domain. To
apply a negative weight, the input may be switched to inhibitory instead of excitatory.

L.e., one may merely flip the sign. Recall

where e, = ¢~ %% jvf{r,}. Thus for a negative value of w;y, use the absolute value

of ¢y to determine Az,
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¢ NS
Aty = —log, i\iwm Ty {rk}}

5

but then set the input to a negative value to achieve

l\?k ) . e N X 1
(; } = Ay + Z sign LOJQ ST fe s (T ) {—)
i ‘;,. * b
[00149] FIG. 8 illustrates all possible combinations of positive and negative input
values 802 and positive and negative scaling values 804 leading to excitatory and
inhibitory inputs 806, 808 on a neuron 810, in accordance with certain aspects of the

present disclosure.

[00150] However, a different problem is representing both negative and positive
values of the same variable. One way to overcome this is to use the negative of the
input instead of a negative weight. Thus, the problem becomes one of creating a

negative input as well as a positive input.

However, each may only take on positive magnitudes (i.e., the negative input cannot
represent a double negative or positive value, and the positive input cannot represent a
negative value) or zero. Note that zero translates to an infinite (or very large) relative

input timing.

[00151] Now, the equivalent may be done to the above weight negation to deal with a
negative input with a positive weight. The negative value may be represented with a
neuron coding {—x{t}}, positively and connected as an inhibitory input 808, as
illustrated in the upper diagram 902 of FIG. 9. If both the value and weight are
negative, they cancel out, and one need not do anything different. While the upper
diagram 902 illustrates representing the positive and negative values for an input neuron
906, the lower diagram 904 of FIG. 9 illustrates representing positive and negative

values for both an input and an output neuron 908.

[00152] The key is to separate the domains (+ve) and (-ve) (if both are involved) into

separate representations for output and then recombine them (using excitation and
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inhibition) upon input. If the input is constrained to a particular domain (e.g., positive),

then this separation need not be done.

Example A: Scaling a scalar

[00153] Certain aspects of the present disclosure may be demonstrated with a scaling

example. In this example, a spiking neuron may perform x, (t)zaikxi (t). In other

words, the desired output is a scaled version of the input. This example uses an all
spiking network (all input and output is in the form of spikes) in an asynchronous frame
mode using the output neuron’s spikes as the reference time. Recall that the time

resolution may be infinite (continuous) or discrete (whether in fixed or variable steps).

[00154] FIG. 10 is a flow diagram of example operations 1000 for scaling a scalar
value using a neuron model, in accordance with certain aspects of the present
disclosure. The operations 1000 may begin with initialization at 1002 and 1004. At

1002, synaptic delays Aty corresponding to the coefficients ay; for the desired linear

computation may be computed. At 1004, the delays may be quantized to the temporal

resolution Ar. Thereafter, the operations 1000 enter a loop. At 1006, input values x;(f)

are sampled upon spiking of output neuron k. At 1008, values x;(f) are converted to

spike times ¢; relative to the last spike of neuron £. At 1010, the input spike times are
quantized to the temporal resolution Ar. At 1012, the input spikes are submitted to the
soma of neuron k at time offsets t;x + &ry. At 1014, the output spike time ¢ of neuron

k is determined with resolution Ar.

[00155] Each iteration of the loop in the operations 1000 corresponds to one output
spike of the neuron k. Thus, the timing is asynchronous because the frame duration
depends on the inter-spike interval of neuron k. When using this kind of asynchronous
frame (reference), the sampling rate of the input is variable. Specifically, if the total
input is large (value-domain) so the input delays are small, the neuron k fires earlier
and, thus, samples the input again in a short time. The converse occurs if the total input
is small (value-domain). Accordingly, the sampling rate of the input is proportional to

the magnitude of the output value. This has an advantage in that significant input values
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are sampled more often, while insignificant inputs tend to be sampled at a low or

minimal rate, thereby saving computational power and resources.

[00156] To see how this works, the desired scalar linear result may be obtained with
just a single spiking neuron k. As described above, for initialization one may compute
Aty = —log, {v; {rk}}. For this example, a discrete time system (instead of
continuous time) is used to demonstrate the effects of time resolution. Suppose for this
example, &t = 0.1 ms and let p™ = 0.1, arbitrarily small &cy, = 801 with ©, = 1.
This yields g = 184 and a minimum neuron firing rate of about 21 Hz or a period of
48 ms (absent any input). The parameter ¢ = 1.1. The operable coefficient range is
0.0001 to 0.01. An arbitrary coefficient a; is chosen for this example (e.g., %2 of the

coefficient maximum), and a time offset sinusoid is submitted of the form,
vt =1 +sin2afi{ct +T)/2

The output will be on a scale of (.01 (due to A«sy) to a maximum of 8.82, if g =12 1s

chosen.

[00157] FIG. 11A illustrates a graph 1102 of example input values over time, a graph
1104 of output values over time, and a linearity graph 1106 when scaling a scalar input
on a single dendritic input of a single neuron model using a temporal resolution of 0.1
ms, in accordance with certain aspects of the present disclosure. FIG. 11B illustrates a
graph 1112 of example input values over time, a graph 1114 of output values over time,
and a linearity 1116 when scaling a scalar input on a single dendritic input of a single
neuron model using a temporal resolution of 1.0 ms, in accordance with certain aspects
of the present disclosure. As illustrated, the neuron model is highly linear in the
temporal coding domain. Of course, the precision depends on the time resolution. So,
when the time resolution degraded by 10x, the errors due to temporal resolution become

noticeable in the output.

Example B: Linear transformation

[00158] In this example, the same Example A is used, but more inputs are added.

The neural model desired is

x(£)= Zaik'xi(t)



WO 2013/119867 PCT/US2013/025219

36

[00159] The coefficients are set exactly as in the example above. Ten inputs are
used, and arbitrary coefficients are chosen across the range, say fractions [0.5 0.65 0.55
0.5 0.39 0.59 0.4 0.81 0.87 0.35] of the maximum coefficient value. One may use the
same input format as the prior example (an offset sinusoid), except offset each input by
a different amount. From trigonometry, one knows the result x,{t} is a scaled sinusoid
if the frequencies are the same, so this example uses a different frequency for each input
to make it more interesting. A single neuron is used to compute this, and the synaptic
delays are assigned according to the coefficients, just as in the example above, yielding

delays of [6.94.3679.55.39.22.11.410.5] in ms.

[00160] FIG. 12A illustrates a graph 1202 of example input values over time, a graph
1204 of output values over time, and a linearity graph 1206 when scaling scalar inputs
on ten dendritic inputs of a single neuron model using a temporal resolution of 0.1 ms,
in accordance with certain aspects of the present disclosure. FIG. 12B illustrates a
graph 1212 of example input values over time, a graph 1214 of output values over time,
and a linearity graph 1216 when scaling scalar inputs on ten dendritic inputs of a single
neuron model using a temporal resolution of 1.0 ms, in accordance with certain aspects
of the present disclosure. Note that when &t = 1 ms, the synaptic delays also lose
resolution and become [7 4 6 7 10 5 9 2 1 11]. The sensitivity to time resolution
decreases as one adds inputs. This may be seen in the number of vertical bins of results
in the linearity graph 1216 of FIG. 12B. Effectively, the range of output timing
becomes larger with more inputs. The mean output error in time for the At = §.1 ms
case was below 0.01 ms and for the A+ = 1 ms case was below 0.1 ms. Basically, this

means the neuron has an error of one time resolution about 1 in 10 spikes.

Example C: Positive and negative coefficients

[00161] In this example, the same example as above is used, but negative coefficients
are included. Ten inputs are used, and arbitrary coefficients are chosen across the range,
say fractions [0.5 0.65 0.55 0.5 -0.39 -0.59 -0.4 0.81 0.88 0.35]. The absolute values of
these are used to compute the delays. However, for negative valued inputs, the synapse

is switched to inhibitory.

[00162] FIG. 13A illustrates a graph 1302 of example input values over time, a graph

1304 of output values over time, and a linearity graph 1306 when scaling scalar inputs
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on ten dendritic inputs of a single neuron model using a temporal resolution of 1.0 ms,
using both positive and negative scaling values, in accordance with certain aspects of
the present disclosure. FIG. 13B illustrates a graph 1312 of example input values over
time, a graph 1314 of output values over time, and a linearity graph 1316 when scaling
scalar inputs on ten dendritic inputs of a single neuron model using a temporal
resolution of 1.0 ms, using both positive and negative scaling values, but erroneously

omitting the flip to inhibition.

Example D: Noisy ALIF

[00163] Noise may be added to an ALIF model by adding a noise term in any of
various suitable ways. One simple way is to add a noise term to the differential

equation coefficient 57:

+*

et =p" +p,

This is an aggressive form of noise because as the membrane potential gets larger, the
same value for the noise term generates a larger and larger change in membrane
potential. However, this is arguably biologically consistent since this is what would

happen if a superfluous input hits the neuron when this neuron is closer to firing.

[00164] In this example as illustrated in FIG. 14, the Example C above is repeated
(with positive and negative coefficients), except the noise term above has been added,
the noise term having a Gaussian distribution with zero mean and standard deviation
10% of the value of g*, assuming At = 1 ms. The noise term is assumed to be white

(i.e., additive white Gaussian noise (AWGN)).

[00165] FIG. 14 illustrates a graph 1402 of example input values over time, a graph
1404 of output values over time, and a linearity graph 1406 when scaling scalar inputs
on ten dendritic inputs of a single neuron model using a temporal resolution of 1.0 ms,
using both positive and negative scaling values and a noise term added to the membrane
potential of the neuron model, in accordance with certain aspects of the present
disclosure. One can see that despite a significant noise disruption to the linearity for
any given time point in the linearity graph 1406, on average, the neuron is able to follow

the linear transformation remarkably well, as illustrated in the graph 1404.
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Converting Relative Time References

[00166] This section addresses converting between the two relative time forms,
namely self-referential (SR) and non-self-referential (NSR). Converting a self-
referential (SR) time to a non-self-referential post-synaptic neuron time (NSR-POST) is
of particular interest because the neuron model described above (e.g., with respect to
FIG. 7) accepts NSR-POST input timing and outputs SR timing. To feed that neuron’s
input to another may most likely entail conversion. The distinction of NSR sub-forms is
one between whether the pre-synaptic spike time is relative to the post-synaptic neuron

spike time (NSR-POST) or relative to a third neuron’s spike time (NSR-THIRD).

[00167] A key insight is that the ALIF neuron model defined above includes resetting

the membrane potential . {t} = vy at the time of spiking. However, this may just as
easily be redefined to resetting w5 {£} = g upon spiking, where »4 = 0. Effectively,

this models a simple neuron in a sub-threshold condition, until the potential is increased
above zero by input. Without loss of generality, one may set input magnitude to 7.
Now, all the SR output timing will get translated to NSR timing relative to the input

which occurs first.

[00168] However, if the input which occurs first is designated as input w, the
temporal conversions may be controlled across neurons because providing the same

input r to two neurons (one pre-synaptic and one post-synaptic) converts
8 (}{:m}}} =Tk

to

As an example, FIG. 15 illustrates providing the same input » 1502 to a pre-synaptic

neuron 1504 and a post-synaptic neuron 1506.

[00169] However, an actual reference need not even exist because whichever input
occurs first automatically provides a reference. The only prerequisite is that the

information is coded in the relative time difference between inputs. This may be
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achieved in a variety of ways, including using lateral inhibition between inputs to create
interdependence. Alternatively, the reference may be driven by connecting all inputs as
inputs to the reference with one being sufficient to cause the reference to fire. Thus, the
reference will fire as a function of the first input firing. This solves the problem, as
well, and also provides a single element (the reference) as an indication for relative

readout of the output. FIG. 16 illustrates this feed-forward case for a single input.

[00170] For certain aspects, feedback may also be used to accomplish the above as
depicted in FIG. 17. Although this is a less general case since the immediately
downstream neuron is used as the reference, it is a natural case to show because it

corresponds exactly to ; as input to compute .

[00171] The above modification (i.e., resetting the neuron’s potential to a value other
than wg) may be used for another purpose. Suppose that upon spiking (or other
reference time), instead of resetting v {t} = vy let v {t} = vy, If v, > 1y this will
advance the next firing (i.e., decrease 1;). Alternatively, if . =< w4 this will delay the
next firing (i.e., increase 7). This is assuming the configuration of the neuron remains
as computed given wg (i.., that the value of g is not changed to equate to ;). For
example, assuming there would have been no input between the reference time and the
hypothetical time the neuron potential would have reached i, if it had been reset to vy

(instead of ¥, > v,), the change in 7, is given by

[00172] The opposite (an increase) may be achieved by setting #, =< 1. Recalling

the definition of the value ¢, = — log, x;, the effect of the above on the value is,

3

£

X, =W, =g “thg %

e A B
e

or Wy = ¢ >%, Thus, one may arbitrarily alter the output of a g; neuron by a factor wy

in the value domain simply by adjusting the reset voltage v,
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[00173] The g;f neuron may also operate in different time ranges for input and
output. Output timing may generally vary in the range of {:-‘lt, s "}, where ¢} = log, e

¥,

[

(assuming the reset potential is #7y). This upper bound is the time at which the neuron

will fire absent input. However, the minimum observed time is typically not going to be
A because of the combination of input timing and input delays. This will effectively
compress the output time range against the upper bound so that it may be desirable to
re-expand this range for input to a subsequent neuron. This may be easily done by

using a new reference that is delayed from the prior reference by the implicated amount.

[00174] Suppose the minimum delay is t**, such that

Vo imin
A
'{)55(. T

X, =g

Thus, by changing to a reference that has a spike timing of ={*** later (may alternatively

be earlier), one may scale the value by ¢** by offsetting the time range. For example,
if the minimum delay 7, is 20 ms, one may subtract 20 ms by using a reference that is
20 ms later. This will scale the value domain amount up to a larger range. Although the
discrete time forms of the equations are used above, the analogous operations may be

done in continuous form as demonstrated above.

[00175] For certain aspects, one may time a multi-neuron system (e.g., the neural
system 100 of FIG. 1) using a propagating reference wave. A propagating reference
wave serves as a reference reset time for neurons, which resets different neurons at
different times. Thus, the outputs of pre-synaptic neurons may be appropriately
converted to inputs for post-synaptic neurons by providing the appropriately delayed

reference change.

[00176] FIG. 18 illustrates a propagating reference wave for a series of neurons, in
accordance with certain aspects of the present disclosure. In FIG. 18, layer n-1 neurons
1802 receive input r 1502 as a reference. Input r 1502 is delayed by a first delay (z;)
1804, and the delayed r (delayed’) serves as a reference for the layer n neurons 1806.
The delayed r is further delayed by a second delay (z) 1808, and the resulting delayed r
(delayed’’) serves as a reference for the layer n+1 neurons 1810. The first delay 1804

may be the same or different from the second delay 1808.
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[00177] For certain aspects, this propagating reference frame wave may also be used
as a reference for input (write in) and output (read out). The reference may also be
supplied as a background noise or oscillation level that propagates across the layers.
The reference frame wave may also be self-generated as mentioned above (i.e., by the

prior layer(s) or prior frame of subsequent layer(s) or a combination thereof).

[00178] Another optional benefit of the frame wave is that it provides an alternative
way to deal with late inputs that may cause superfluous firing of the post-synaptic
neuron (unless cleared out): output is clocked through the system using the reference in
waves of excitation and inhibition so that only outputs following the reference within a

prescribed time are acted upon.

[00179] FIG. 19 illustrates an example timing diagram 1900 for the series of neurons
having the propagating reference wave of FIG. 18, in accordance with certain aspects of
the present disclosure. The layer n-1 neurons 1802 may be considered as neurons i, the
layer n neurons 1806 may be considered as neurons j, and the layer n+1 neurons 1810

may be considered as neurons k.

[00180] For certain aspects, an alternative may be to use what is deemed a g~ neuron
2002 as portrayed in FIG. 20. The purpose of this type of neuron is to convert SR to
NSR, or % to 7y, as depicted in FIG. 20. One way to accomplish this is with a special
dynamic operation for the g~ neuron in which SR input timing is latched and used to
drive the neuron’s depolarization. By conditioning the depolarization on the reference
input (which is treated differently from other inputs), the output timing may be

determined in NSR form. This is explained in greater detail below.

[00181] Let the neuron g;’s dynamics be defined by

che ) ]
e (f‘} Yoy (?_\
T = Cﬂf},-{ 3 }5_{].\} L3
ar
dw (e} .
—— = A fer w8 dv.- o)
at ! o
dv. {t}
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where . is the input state, i, is the input latch, and 1=, is the neuron membrane

potential or neuron’s state.
[00182] Taking the Laplace transform yields

&§—&

&0+ Y)Y

f{s) =— \
J T— 4
0+ V()
Vo (s) =~ =
3 g — ,5??

[00183] Let ¢ (=i and v i{t} =58 —¢)+8&—1 +7.) Assuming

. — \ '
w,{t; —e) =9,

T 3 - ri ¢
. s—&
[00184] Computing the inverse Laplace transform assuming ¢ = &; + 7,

¢ wit—t
HE ;\f} = pWiETig

[00185] Assuming &;{t; + ¢} =0and & = 0,

[00186] Further assuming initialization to ; {0y =49,
S JE S
o & [ g
Vst =
e 5
[00187] Taking the inverse Laplace transform assuming ¢ = ¢, .,
cEFY

[00188]  Defining the operation upon spiking as v; {£;} = 0,y,{t;"} = 1 (otherwise

¥

.
"t

' N
&%
74 {
}\L‘J ?

0) upon condition threshold v, ( t= t;“} =¥,
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[00189] Accordingly, one can see that a transformation from SR 7; to NSR 7;; may

be modeled as

_ 1 _ 4
n- = Eiagv ST = _,E
For linearity ¢~ = 1 — « = —§8. For equivalence, #~ = {. In contrast, however, let
nT =T =@ =e fT
[00190] The same may be done in discrete time resolution At analogously:
wdt) = {1 + dta iyt — At) + yo-onft — At)
g0y = (1 4+ AeAni(t — At + e {t — Atdy-¢n(t — At)
vy (6 = (1 + Atf)vy {t — &) + vyt — ALy, (¢ — Az}
[00191]

For delay resolution Ar,

Upmex = (1 + ﬁtf&,’_}a”at

o
P EN

i = {l + ﬁt,g}:g'” tﬁ-m_gx = {}- - iarﬁ}ﬁ‘xﬁﬂéi

[00192] Equating to above,

8»—;’5“.-’“ — {1 _ {Atg\;:;:zrar

Therefore,

Synthesizing in general one may select At (e.g., Af =1), a7 (e.g., &t =7 "), and
a = —f =logl{l — {(Af)*) = 0.2,
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[00193] The g. neuron form (which nominally transforms SR input to NSR output)
may thus be used in combination with (interfaced with) g: neuron forms (which

nominally transform NSR-POST input to SR output). Effectively, one may connect
these neurons to the opposite type. If these neurons are connected such that no neuron
connects to a neuron of the same type, then there is no need for other forms of

conversion between SR and NSR relative timing.

Characterization of ALIF Linearity with Number of Inputs

[00194] This section addresses characterization of the linearity of the neuron model
described above with a varying number of inputs. For this characterization, random
inputs and random coefficients are used. A discrete system is arbitrarily selected for

this characterization, and for simplicity, a time resolution of A+ =1 ms is used.

Linearity graphs 2101, 2102, 2104, 2108, 2116, and 2132 are shown in FIG. 21 for 1, 2,
4, 8, 16, and 32 inputs, respectively. As the number of inputs increases, the effective
resolution increases because the range increases. However, the precision may decrease.
This is merely a result of the uniform distribution. Note that the effect may vary
depending upon the range of value of the output (and inputs and coefficients). The
precision typically also improves radically with better time resolution, as was shown in

examples above.

Why ALIF?

[00195] To a certain extent, LIF and other neuron models, including the simple
model, have linearly predictable firing. The difference lies in the fidelity or accuracy

with which one can predict using a linear predictor.

[00196] To understand why using an ALIF neuron is suggested, the g7 neuron form

is examined in the temporal domain:

Tik

e 1‘}_ . A N . .vE
e {1?,»:_1, =Ty = —i08; 8wy o iy {.q
~ y

where
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[00197] If one chooses g% = { the model is ALIF. But, if one chooses p* < &, the
model is LIF. In effect, if ¥ < 0, then ¢ < 1 (i.e., a fraction), and 1/g > 1. A
logarithm with a fractional base will be negative for any argument greater than one.

The time to fire absent further input is

[00198] Thus, for the time to be positive (causal), v* {t} > wg, which is contradictory
because this means the neuron has already spiked (exceeded threshold). This does not
mean a LIF is not somewhat predictable. It merely means that one cannot easily design

the neuron model for ideal linear predictability using the LIF, as is done with the ALIF.

[00199] FIG. 22 is a flow diagram of example operations 2200 for emitting an output
spike from a neuron model based on relative time, in accordance with certain aspects of
the present disclosure. The operations 2200 may be performed in hardware (e.g., by one

or more processing units), in software, or in firmware.

[00200] The operations may begin, at 2204, by receiving at least one input at a first
neuron model. The input may comprise an input in the spike-time domain, such as a
binary-valued input spike or spike train. For certain aspects, the input may comprise an

input in the real-value domain.

[00201] The first neuron model may be an ALIF neuron model, for example. For
certain aspects, the first neuron model may have an exponentially growing membrane
potential and may continue to depolarize in the absence of an inhibitory input. An
excitatory input may cause the first neuron model to fire sooner than the first neuron

model would fire without the excitatory input.

[00202] At 2206, a relative time between a first output spike time of the first neuron
model and a reference time may be determined, based on the received input. When the
input comprises an input value (as opposed to an input spike), determining the relative
time at 2206 may include encoding the input value as the relative time. This encoding
may comprise calculating the relative time as a negative of a logarithm of the input
value, wherein the logarithm has a base equal to an exponential value of a coefficient of
change of a membrane potential as a function of the membrane potential for the first

neuron model.
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[00203] At 2210, an output spike may be emitted from the first neuron model based
on the relative time. For certain aspects, a membrane potential of the first neuron model

may be reset to a nominal setting above zero at 2212, after emitting the output spike.

[00204] According to certain aspects, the reference time may comprise a second
output spike time of the first neuron model, the second output spike time occurring
before the first output spike time. For other aspects, the reference time may comprise a
second output spike time of a second neuron model, wherein an output of the first
neuron model is coupled to an input of the second neuron model and wherein the second
output spike time occurs before the first output spike time. The first neuron model may
have a first coefficient of change of a first membrane potential for the first neuron
model, and the second neuron model may have a second coefficient of change of a
second membrane potential for the second neuron model different than the first
coefficient of change. For certain aspects, the second neuron model may use another

reference time that is delayed from the reference time for the first neuron model.

[00205] For certain aspects, the operations 2200 may include determining a delay in
the at least one input based on a function (e.g., a scaling function or other linear
transformation) modeled by the first neuron model at 2202, which may, but need not,
occur before receiving the at least one input at 2204. The relative time may be adjusted
based on the delay at 2208, such that the output spike is emitted based on the adjusted
relative time. For example, the function may comprise multiplication by a scalar,
wherein determining the delay at 2202 comprises computing an absolute value of the
scalar to determine the delay, wherein a synapse associated with the input to the first
neuron model is used as an inhibitory synapse if the scalar is negative, and wherein the
synapse associated with the input to the first neuron model is used as an excitatory
synapse if the scalar is positive. For certain aspects, the function may be a learning
function based on a homeostatic process or a target output delay, as described in greater
detail below. According to certain aspects, determining the delay at 2202 may involve
quantizing the delay to a desired temporal resolution, wherein adjusting the relative time
at 2208 comprises adjusting the relative time based on the quantized delay. The

precision of the function may depend on the temporal resolution.

[00206] According to certain aspects, receiving the input at 2204 may involve

sampling the input with a sampling rate based on a desired temporal resolution. In such
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aspects, determining the relative time at 2206 may comprise quantizing the relative time

to the temporal resolution.

[00207] For certain aspects, the operations 2200 may further comprise determining
an output value for the first neuron model at 2214. The output value may be determined
based on a time difference between a time of the emitted output spike and the reference
time, wherein the output value is an inverse of an exponential value of a coefficient of
change of a membrane potential for the first neuron model, the exponential raised to the
power of the time difference before taking the inverse. At 2216, the output value may

be output to a display or any other suitable means for indicating the output value.

Learning

[00208] Learning in spiking networks is typically modeled using a pair-wise spike-
timing-dependent plasticity (STDP) rule comprising both long-term potentiation (LTP)
and long-term depression (LTD). LTP increases synaptic weights, typically when the
post-synaptic neuron fires after the pre-synaptic neuron. LTD decreases the synaptic
weights, typically when the reverse order appears. Typically, an exponential model is

used for both.

[00209] Specifically, with a basic STDP rule, the weight is increased if the post-
synaptic spike time &, occurs after the pre-synaptic spike time ¢, and decreased if
the order is reversed. The changes may have different magnitudes as determined by the

following equation:

S = §

FAT = *3‘} —aTi e 5 FRT o 2 ST TITD
.r-’L.“-‘p‘i""* A VLIS o L end &b s R

where AT = E,55+ — tyye and § values determine the learning rate for LTP and LTD and

7’s are the time constants for the exponential decays of LTP and LTD (which may also

differ).

[00210] However, in the general spiking neural computation described herein,
weights are unnecessary. Nevertheless, connections may be muted (disconnected/
disabled) and unmuted (reconnected/enabled). To understand how this fits with aspects
of the present disclosure, one may consider the frame of reference. For certain aspects,

information is coded temporally in the relative time between a spike and another spike
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(or a reference time). If an input arrives before a neuron fires (including synaptic
delay), then the input may influence the firing time. However, if the input arrives after

the neuron fires, the input may only impact the next firing (at most).

[00211] For example, as illustrated in FIG. 23, one input spike for post-synaptic
neuron k (the output spike of neuron j at 2302 plus the connection delay) arrives before
neuron & fires at 2304 and is timely to have an influence on the firing at 2304. Another
input spike for post-synaptic neuron k (the output spike of neuron j at 2306 plus the
connection delay) arrives after neuron & fires at 2304 and is too late for the frame to

have any influence on this firing.

[00212] According to aspects of the present disclosure, in the value domain, x = 7%,
so a small value corresponds to a long time t (since generally ¢ = 1). Thus, if an input
has a small enough value, it may by insignificant relative to the output (result), arriving
too late to have any influence on the output spike timing. Above, various ways of
preventing this late arrival from influencing the next firing time are described.
However, there is also an automatic way of learning this, by applying an STDP-like rule
to temporarily mute inputs that are effectively insignificant. If, later, that input becomes

significant, then the synapse may be unmuted.

[00213] For certain aspects of the present disclosure, synaptic delay represents
weight in the value domain. Learning the delay corresponds to learning a linear
transformation. Therefore, a learning rule may be employed for learning value weights
(coefficients) in the value domain, and these weights may be translated into delays (in

the spike-timing domain).

[00214] Alternatively, adaptation may be applied directly to delays by transforming

to the time domain and executing delay adaptation rules in the time domain.

[00215] To see how this may be accomplished, consider a neuron & which has an
output delay ¢, for a given set of inputs. However, let the target output delay be ©,. To

obtain the target output delay, target input delays {ﬁis(}! are desired according to the

following:
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[00216] Taking the gradient results in
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[00217] Reversing leads to
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[00218] This provides a learning rule for the delays,
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[00219] Assuming that the particular input ¢ contribution to the denominator of the

gradient above is small, one may combine and simplify even further to

Tep+AT 55
J

AdTy = @g Be{E — 13}

E

which depends on the difference between the target firing time and the actual firing
time, as well as the input time and the current delay. The parameter ¢ controls the

adaptation rate.

[00220] Whichever version is used, it is recommended that delays not be adjusted for
those inputs that have a time of arrival at the soma that is after the post-synaptic neuron

firing time. Rather such inputs may either have no delay adjustment or be adjusted
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according to an STDP-like manner as described above (i.e., decremented by a very

small amount).

[00221] Next, consider the target. The target depends only on what is desired from
the neuron. The target may even be set arbitrarily, and the neuron may then be allowed
to learn the coefficients for the inputs. Alternatively, one may choose a target purposely
to make use of the non-linearity at the bounds of the range. The learning may be used
to determine a logical relation of causal inputs or to compute any arbitrary linear

equation.

[00222] Finally, it may be noted that the target may be interpreted as a homeostatic
process regulating the firing rate, activity, or resource (energy) usage of the neuron.

From this viewpoint, the delay learning rules may be called “homeostatic learning.”

Example E: Learning coefficients for noisy binary inputs

[00223] In this example, the delay learning rule is used to learn coefficients for a
noisy binary input vector. Suppose there are 15 inputs (pre-synaptic neurons) and one
synapse/connection from each to a post-synaptic neuron (for a total of 15 inputs). By
repeatedly exposing the post-synaptic neuron to the same binary input combination
(chosen randomly), the delay learning rule allows the post-synaptic neuron to learn
delays which result in firing at the desired target time. An early input (i.e., a short
relative input time) may be used to represent a Boolean 1, and a late input (i.e., a long
relative input time) may be used to represent a Boolean 0. FIG. 24 illustrates five
representatives of the fifteen pre-synaptic neurons (A-E) 2402 and the post-synaptic

neuron (F) 2404, in accordance with certain aspects of the disclosure.

[00224] All white Gaussian noise (AWGN) is added to the input in the temporal
domain, with a standard deviation of 2.5 ms. This is a substantial amount of noise
because it is a large fraction of the overall temporal range. However, aspects of the

present disclosure are still able to successfully learn.

[00225] FIGs. 25A and 25B illustrate example results of learning the input delays to
achieve a target output delay, in accordance with certain aspects of the disclosure. For

demonstration purposes, two different cases are shown. In FIG. 25A, the delays are
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initialized large, and the target is set low. In FIG. 25B, the delays are initialized small,

and the target is set high. In either case, learning is successful and fast.

[00226] FIG. 26 illustrates the result of learning coefficients for the noisy binary
input vector in a graph 2600 of the delays (in ms) and in a graph 2610 of the coefficients
(value-domain real-valued) for each of the inputs (x-axis), in accordance with certain
aspects of the disclosure. Note that the delays have adapted to learn the input

correspondence.

Example F: Learning coefficients for noisy real-valued inputs

[00227] In this example, the delay learning rule is used to learn coefficients for a
noisy real-valued input vector. This example is the same as the above example except

that the values in the input vector are real-valued instead of Boolean.

[00228] FIG. 27 illustrates example results of learning coefficients for a noisy real-
valued input vector, in accordance with certain aspects of the present disclosure. The

results in the graphs 2700, 2710, and 2720 of FIG. 27 show that the delay learning rule

works equally well for noisy real-valued inputs.

Example G: Learning noisy causal logical relations for Boolean inputs

[00229] In this example, the delay learning rule is applied to learn the causal logical
relation of a varying Boolean input vector. Here the input vector is changing over time,
but a consistent logical relation in the input is imposed to see if the delay learning rule
can learn what the logical relation is. In the first case, a set of three inputs are chosen
(set to 1) to represent an OR relation. In the second case, all inputs are chosen (set to 1)
to represent an AND relation. Noise is added as for the prior examples. For this

example, the settings are the same as the previous examples.

[00230] FIG. 28A is a graph 2800 of the delays after the first iteration for an OR
relation, while FIG. 28B is a graph 2810 of the delays after the first iteration for an
AND relation. It may be noted that some of the delays are slightly increased from the
initial value of 1 ms already after this single iteration. It may also be noted that the
relation in the input may be seen. In FIG. 28A, only one of the pre-synaptic neurons

fires early so only three of the inputs reach the soma early (~10 ms). The others are
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later (~25 ms). In FIG. 28B, all the pre-synaptic neurons fire early. However, the

neuron does not yet fire at the target time; rather, it fires substantially early.

[00231] FIG. 29A is a graph 2900 of the delays after a number of iterations for the
OR relation corresponding to FIG. 28A, while FIG. 29B is a graph 2910 of the delays
after a number of iterations for the AND relation corresponding to FIG. 28B. Now, one
can see that the post-synaptic neuron has learned delays which code the logical
expression (OR or AND according to the input). Furthermore, the output time is on
target (not shown in the figures). In FIG. 29A, one pre-synaptic early firing is sufficient
(i.e., a logical OR) to cause the post-synaptic neuron to fire on target (the other inputs
have delays that make them too late to have an effect, as can be seen given their total
delay exceeds 30 ms (the target)). In FIG. 29B, the logical relation AND has been
learned since all inputs are generally required for the post-synaptic neuron to fire on

time. This most likely involves larger delays.

[00232] FIG. 30 illustrates the convergences (as a function of the number of
iterations) for learning the logical relations. The graph 3000 illustrates the convergence
for the logical OR relation, while the graph 3010 illustrates the convergence for the
logical AND relation.

General logical condition or causal learning

[00233] Let x; be a Boolean value (& or 1) representing a logical variable { which is
either false or true (respectively). Let the true logical relation {i} — ;j be defined by a

true cause function,
x = il =)
[00234] For example, ifonly 4 ABACAD = Fand AABACAD = E,

g = QAR C B2 EY= {xé xg (1 —xpM1— \D\}} +{ {1 — a1 — gy xp)

[00235] Let a linear transfer function be defined as follows:
S ¥ S
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where the & superscript indicates an instance of a set and #* is a negation permutation
vector. This function yields a value representative of delay (although not necessarily a
delay). A negation entry is coded as either negating -1 or non-negating +1. Effectively,

this transforms the Boolean valued inputs to their negated values according to the vector
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[00236] Further, let coefficients ﬂf be defined such that the function above is equal

to O for logical variable combinations represented by {x;} that have a true logical

implication (e.g., A, B, not C, and not D), so for all & the following expression is

satistied:
étin‘"‘) {it -n."‘)} =g
[00237] This is equivalent to setting a target for the homeostatic learning as described

above. Effectively the above target & can be translated into an output delay target.

[00238] Substituting the above equations,

or

Or
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[00239] Thus, with enough equations, given a number of unknowns x;, a logical
condition in the set {x;} may be recognized, for example, using another neuron which
receives all the ensemble neuron outputs as inputs and fires upon a threshold (of

coinciding input timing).

[00240] For example, consider some instances for the above example. With no
negation a first neuron (labeled & = 1) can learn coefficients to satisfy the true
causation. However, it will also satisfy some other conditions,
Py . .
Jfl{tiAJBs E,D} - E}

={x; Axg AXp AXp dVI{Xs ATz A X0 Axpl

Vi, Axg AXcAXp) VI{vg Ay A AxpiV{x, AxgAxe ARg)

This is because al. = &2 for each variable in the above example if nl = +1 for all i.

Thus, the true cause may not be unambiguously detected. However, if another neuron

(labeled & = 2) is added,

3}

R ". B A "D
W {;51:3 il g A Qiﬂ\ Y‘D\’ A {YA A g A ﬁ & \5} W {\é A g A X il \5}
[00241] Here it may be seen that in combination, the two neurons may be used to

reduce the ambiguity because in combination, there are only four overlapping logical
conditions (the first four). With more neurons, the ambiguity may be eliminated
altogether. However, one may also find a negation vector that has no ambiguity for this

particular logical condition:
CHAB O DY = E)={x; Axs ANy Axp )V {xs AXg A xc Axpt

In this case, there is no need for multiple neurons because this neuron will fire at the

desired delay only if the logical conditions corresponding to the true cause are met.

[00242] In general however, one may be motivated to have a solution for any
particular logical condition that may arise. For this, an ensemble of neurons with
different negation vectors may be utilized. One may then feed their output to a temporal

coincidence recognition neuron that detects when enough of these neurons fire at the
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same time, thereby recognizing the logical condition corresponding to true cause
unambiguously. Having enough neurons typically refers to a state or condition when
the population of neurons distinguishes true and false logical conditions (i.e., when the
neurons together, measured by coincidence firing to a predetermined time precision, can
correctly predict either the cause-effect relation, the lack of the effect, or both to a

desired degree or accuracy).

[00243] FIG. 31 illustrates how both negation and ensemble deduction may be
implemented, in accordance with certain aspects of the disclosure. Neuron C 3102 is an
example of one input. Neuron C inhibits neuron (Not C) 3104 representing neuron C’s
negation. Note that if neuron C fires late, neuron (Not C) will fire first. Recall that a
short delay means a large value (a logical “true”) and a long delay means a small value
(a logical “false”). Each is an input to a different neuron with different negation vectors
(i.e., neuron E' 3106 uses non-negated C, and neuron E* 3108 uses negated C). A third
neuron E’ (not shown), if used, may use either non-negated C or negated C, depending
on the negation vector for E*. Furthermore, each of the learning neurons 3106, 3108
may have other input, whether negated or non-negated (e.g., neuron A, neuron (Not A),
neuron B, neuron (Not B), neuron D, or neuron (Not D)), according to the negation
vector for each learning neuron. The delays associated with each input are adapted in
the learning neurons to meet a target output delay, as described above. The outputs of
these learning neurons 3106, 3108 are fed as inputs to the neuron R 3110, which is able
to recognize a temporal coincidence in their outputs (i.e., if neurons E' and E? agree as

to the logical condition match).

Hebbian learning

[00244] Hebbian learning is a form of learning in which inputs and outputs fire

together. A simple form of Hebbian learning rule is the STDP rule,

A = Ao oo e‘gx‘:‘-ﬂ.ﬁ{?sz‘:ﬂr;{é}'ﬁ
: f T Sizign{aTv R

where AT = €500 — tpee = £ — & = Ty — T, Where 1 is a reference providing a time
reference. Assuming a multiplicative change, wy;" = wy, {1 + &w, ), converting to the

temporal domain,

Q'_&T_{;'ZF =g BT {l + ﬂ%’gg\.—}
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or
AdTy = &’E}{&. — Aty = —log {1 + Awyy)
Thus,
8ATy = —log (1 + Aqgnearye 2T Tsianian )

[00245] Accordingly, Hebbian learning may be used in the temporal domain,
adjusting the delays depending on the input/output spike timing AT, without any
weights. Notice that the larger the value of AT, the closer the value of the log parameter
to 1, and thus, the smaller the change in delay. An increase in weight according to long-
term potentiation (LTP) has a positive 4 value for positive AT and thus, the log
parameter will be larger than one yielding a negative change (increase) in the delay. A
decrease in weight according to long-term depression (LTD) has a negative 4 value for
negative AT and thus, the log parameter will be less than one yielding a positive change
(increase) in the delay. Longer delay means less significant input. Shorter delay means

more significant input.

[00246] FIG. 32 is a flow diagram of example operations 3200 for learning in a
spiking neural network for emitting an output spike, in accordance with certain aspects
of the present disclosure. The operations 3200 may be performed in hardware (e.g., by

one or more processing units), in software, or in firmware.

[00247] The operations 3200 may begin, at 3202, by initializing a current delay
associated with an input (e.g., a dendrite) to a neuron model. The current delay may be

initialized to O for certain aspects.

[00248] At 3204, an input spike in the neuron model may be delayed according to the
current delay. The input spike may occur at an input spike time relative to a reference
time for the neuron model. At 3206, an output spike may be emitted from the neuron
model based, at least in part, on the delayed input spike. At 3208, an actual time
difference between an output spike time of the output spike and the reference time for

the neuron model may be determined.

[00249] At 3210, the current delay associated with the input may be adjusted based

on the current delay, an input spike for the input spike, and a difference between a target
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time difference and the actual time difference. If the difference between the target time
difference and the actual time difference is greater than a threshold or the number of
iterations has not reached the upper limit, the operations at 3204-3210 may be repeated
with the adjusted delay (as the current delay). The operations at 3204-3210 may be
repeated a number of times, at least until the difference between the target time
difference and the actual time difference is less than or equal to the threshold or until a
maximum number of iterations has been performed (i.e., the number of iterations has
reached the upper limit). According to certain aspects, the target time difference may be

a setpoint for a homeostatic process involving the neuron model, as described above.

[00250] At 3212, a scalar value may be determined based on the adjusted delay. In
other words, the scalar value was learned by the neuron model. The scalar value may be
determined as the inverse of an exponential value of a coefficient of change of a
membrane potential for the neuron model, the exponential raised to the power of the
adjusted delay before taking the inverse. For certain aspects, the scalar value may be a
coefficient of a linear transformation. For certain aspects, the scalar value may be

output to a display or any other suitable means for indicating the scalar value.

[00251] FIG. 33 is a flow diagram of example operations 3300 for causal learning in
a spiking neural network, in accordance with certain aspects of the present disclosure.
The operations 3300 may be performed in hardware (e.g., by one or more processing

units), in software, or in firmware.

[00252] The operations 3300 may begin, at 3302, by providing, at each of one or
more learning neuron models, a set of logical inputs, wherein a true causal logical
relation is imposed on the set of logical inputs. At 3304, varying timing between input
spikes may be received at each set of logical inputs. For each of the one or more
learning neuron models, delays associated with each of the logical inputs may be
adjusted at 3306 using the received input spikes, such that the learning neuron model
emits an output spike meeting a target output delay according to one or more logical

conditions corresponding to the true causal logical relation.

[00253] For each of the one or more learning neuron models, the delays associated
with each of the logical inputs may be initialized before adjusting the delays at 3306, for

certain aspects,
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[00254] According to certain aspects, providing the set of logical inputs at 3302 may
include selecting each set of logical inputs from a group comprising a plurality of
logical inputs. For certain aspects, the group may also include negations of the
plurality of logical inputs, wherein selecting each set of logical inputs comprises
selecting each set of logical inputs from the group comprising the plurality of logical

inputs and the negations.

[00255] The operations 3300 may further include modeling each of the plurality of
logical inputs as an input neuron model and, for each of the plurality of logical inputs,
providing a negation neuron model representing a negation of the logical input if at least
one of one or more negation vectors has a negation indication for the logical input,
wherein each set of logical inputs is selected according to one of the negation vectors.
In this case, each learning neuron model may correspond to one of the negation vectors
and, for each of the plurality of logical inputs, an output of the input neuron model or of
its corresponding negation neuron model may be coupled to an input of the learning
neuron model according to the negation vector. For certain aspects, each of the input
neuron models may inhibit the corresponding negation neuron model. For certain

aspects, the negation indication may comprise a -1.

[00256] The operations 3300 may further include determining that the one or more
learning neuron models have learned the one or more logical conditions corresponding
to the true causal logical relation based on timing of the output spikes from the learning
neuron models. For certain aspects, this determining may include determining a

coincidence or a pattern of firing among the learning neuron models.

[00257] According to certain aspects, a temporal coincidence recognition neuron
model may be coupled to an output from each of the learning neuron models. The
temporal coincidence recognition neuron model may be configured to fire if a threshold
number of the learning neuron models fire at about the same time. The operations 3300
may further include determining that the one or more learning neuron models have
learned at least one of the logical conditions corresponding to the true causal logical

relation if the temporal coincidence recognition neuron model fires.

[00258] According to certain aspects, receiving the varying timing between the input

spikes at each set of logical inputs at 3304 may comprise receiving a varying Boolean
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vector at the set of logical inputs. For certain aspects, a relatively short delay represents
a logical TRUE and a relatively long delay represents a logical FALSE in the varying

Boolean vector.

[00259] For certain aspects, the adjusted delays, the one or more logical conditions,
and/or the true causal logical relation may be output to a display or any other suitable
means for indicating these. For certain aspects, the learning neuron models may

comprise ALIF neuron models.
Conclusion

[00260] By coding information in the relative time of spikes, there may actually be a
computational advantage to using spiking neurons. Thus, a neuron model (a type of
simulator design) is described herein which can efficiently simulate temporal coding in

spiking neural networks to an arbitrary precision.

[00261] As described above, any linear system may be computed using the spiking
neuron model disclosed herein using a logarithmic transformation into relative temporal
codes. The information content of any individual spike is limited only by time
resolution so a single neuron model may compute a linear transformation of arbitrary
precision yielding the result in one spike. Certain aspects use an anti-leaky-integrate-
and-fire (ALIF) neuron as an exemplary neuron model with no synaptic weights or post-
synaptic filters. Computation may occur in a log-value domain using temporal delays
and conversion between self-referential (SR) spike timing and non-self-referential
(NSR) spike timing. Multiple means of achieving this are described above, including
conversion using a second neuron model or using a method of propagating a reference
time frame wave, much like a biological oscillation. Since weight multiplication need
not be performed and post-synaptic filters need not be computed, a highly efficient

method of computing neuron output in continuous or discrete time is possible.

[00262] Furthermore, a spiking neural network may be simulated in software or
hardware using an event-based schedule including two types of events: (1) delayed
synaptic input events and (2) expected future spike time events. When a pre-synaptic
neuron fires, an event may be scheduled for each post-synaptic neuron at a time in the
future depending on the axonal or dendritic delay between the neurons. When an input

event occurs, a neuron’s state may be updated directly since the prior update rather than



WO 2013/119867 PCT/US2013/025219

60

in time steps. The input may be added, and a future firing time may be computed
directly. This may be infinite if the neuron will not fire given the current state.
Regardless, a future firing time event may be re-scheduled. In this way, arbitrarily high
precision in timing (even continuous time) may be simulated without any additional

cost, thereby reducing power consumption.

[00263] The various operations of methods described above may be performed by
any suitable means capable of performing the corresponding functions. The means may
include various hardware and/or software component(s) and/or module(s), including,
but not limited to a circuit, an application specific integrated circuit (ASIC), or
processor. Generally, where there are operations illustrated in figures, those operations
may have corresponding counterpart means-plus-function components with similar
numbering. For example, operations 2200 illustrated in FIG. 22 correspond to means

2200A illustrated in FIG. 22A.

[00264] For example, the means for indicating may comprise a display (e.g., a
monitor, flat screen, touch screen, and the like), a printer, or any other suitable means
for indicating a value. The means for processing, means for receiving, means for
emitting, means for adding, means for outputting, means for resetting, means for
delaying, means for adjusting, means for repeating, means for initializing, means for
modeling, means for providing, or means for determining may comprise a processing

system, which may include one or more processors.

[00265] As used herein, the term ‘“determining” encompasses a wide variety of
actions. For example, “determining” may include calculating, computing, processing,
deriving, investigating, looking up (e.g., looking up in a table, a database or another data
structure), ascertaining, and the like. Also, “determining” may include receiving (e.g.,
receiving information), accessing (e.g., accessing data in a memory), and the like. Also,

“determining” may include resolving, selecting, choosing, establishing, and the like.

[00266] As used herein, a phrase referring to “at least one of” a list of items refers to
any combination of those items, including single members. As an example, “at least

one of a, b, or ¢” is intended to cover a, b, ¢, a-b, a-c, b-c, and a-b-c.

[00267] The various illustrative logical blocks, modules, and circuits described in

connection with the present disclosure may be implemented or performed with a general
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purpose processor, a digital signal processor (DSP), an application specific integrated
circuit (ASIC), a field programmable gate array signal (FPGA) or other programmable
logic device (PLD), discrete gate or transistor logic, discrete hardware components or
any combination thereof designed to perform the functions described herein. A general-
purpose processor may be a microprocessor, but in the alternative, the processor may be
any commercially available processor, controller, microcontroller, or state machine. A
processor may also be implemented as a combination of computing devices, e.g., a
combination of a DSP and a microprocessor, a plurality of microprocessors, one or

more microprocessors in conjunction with a DSP core, or any other such configuration.

[00268] The steps of a method or algorithm described in connection with the present
disclosure may be embodied directly in hardware, in a software module executed by a
processor, or in a combination of the two. A software module may reside in any form
of storage medium that is known in the art. Some examples of storage media that may
be used include random access memory (RAM), read only memory (ROM), flash
memory, EPROM memory, EEPROM memory, registers, a hard disk, a removable disk,
a CD-ROM and so forth. A software module may comprise a single instruction, or
many instructions, and may be distributed over several different code segments, among
different programs, and across multiple storage media. A storage medium may be
coupled to a processor such that the processor can read information from, and write
information to, the storage medium. In the alternative, the storage medium may be

integral to the processor.

[00269] The methods disclosed herein comprise one or more steps or actions for
achieving the described method. The method steps and/or actions may be interchanged
with one another without departing from the scope of the claims. In other words, unless
a specific order of steps or actions is specified, the order and/or use of specific steps

and/or actions may be modified without departing from the scope of the claims.

[00270] The functions described may be implemented in hardware, software,
firmware, or any combination thereof. If implemented in hardware, an example
hardware configuration may comprise a processing system in a device. The processing
system may be implemented with a bus architecture. The bus may include any number
of interconnecting buses and bridges depending on the specific application of the

processing system and the overall design constraints. The bus may link together various
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circuits including a processor, machine-readable media, and a bus interface. The bus
interface may be used to connect a network adapter, among other things, to the
processing system via the bus. The network adapter may be used to implement signal
processing functions. For certain aspects, a user interface (e.g., keypad, display, mouse,
joystick, etc.) may also be connected to the bus. The bus may also link various other
circuits such as timing sources, peripherals, voltage regulators, power management
circuits, and the like, which are well known in the art, and therefore, will not be

described any further.

[00271] The processor may be responsible for managing the bus and general
processing, including the execution of software stored on the machine-readable media.
The processor may be implemented with one or more general-purpose and/or special-
purpose processors.  Examples include microprocessors, microcontrollers, DSP
processors, and other circuitry that can execute software. Software shall be construed
broadly to mean instructions, data, or any combination thereof, whether referred to as
software, firmware, middleware, microcode, hardware description language, or
otherwise. Machine-readable media may include, by way of example, RAM (Random
Access Memory), flash memory, ROM (Read Only Memory), PROM (Programmable
Read-Only Memory), EPROM (Erasable Programmable Read-Only Memory),
EEPROM (Electrically Erasable Programmable Read-Only Memory), registers,
magnetic disks, optical disks, hard drives, or any other suitable storage medium, or any
combination thereof. The machine-readable media may be embodied in a computer-

program product. The computer-program product may comprise packaging materials.

[00272] In a hardware implementation, the machine-readable media may be part of
the processing system separate from the processor. However, as those skilled in the art
will readily appreciate, the machine-readable media, or any portion thereof, may be
external to the processing system. By way of example, the machine-readable media
may include a transmission line, a carrier wave modulated by data, and/or a computer
product separate from the device, all which may be accessed by the processor through
the bus interface. Alternatively, or in addition, the machine-readable media, or any
portion thereof, may be integrated into the processor, such as the case may be with

cache and/or general register files.
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[00273] The processing system may be configured as a general-purpose processing
system with one or more microprocessors providing the processor functionality and
external memory providing at least a portion of the machine-readable media, all linked
together with other supporting circuitry through an external bus architecture.
Alternatively, the processing system may be implemented with an ASIC (Application
Specific Integrated Circuit) with the processor, the bus interface, the user interface,
supporting circuitry, and at least a portion of the machine-readable media integrated into
a single chip, or with one or more FPGAs (Field Programmable Gate Arrays), PLDs
(Programmable Logic Devices), controllers, state machines, gated logic, discrete
hardware components, or any other suitable circuitry, or any combination of circuits that
can perform the various functionality described throughout this disclosure. Those
skilled in the art will recognize how best to implement the described functionality for
the processing system depending on the particular application and the overall design

constraints imposed on the overall system.

[00274] The machine-readable media may comprise a number of software modules.
The software modules include instructions that, when executed by the processor, cause
the processing system to perform various functions. The software modules may include
a transmission module and a receiving module. Each software module may reside in a
single storage device or be distributed across multiple storage devices. By way of
example, a software module may be loaded into RAM from a hard drive when a
triggering event occurs. During execution of the software module, the processor may
load some of the instructions into cache to increase access speed. One or more cache
lines may then be loaded into a general register file for execution by the processor.
When referring to the functionality of a software module below, it will be understood
that such functionality is implemented by the processor when executing instructions

from that software module.

[00275] If implemented in software, the functions may be stored or transmitted over
as one or more instructions or code on a computer-readable medium. Computer-
readable media include both computer storage media and communication media
including any medium that facilitates transfer of a computer program from one place to
another. A storage medium may be any available medium that can be accessed by a

computer. By way of example, and not limitation, such computer-readable media can
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comprise RAM, ROM, EEPROM, CD-ROM or other optical disk storage, magnetic
disk storage or other magnetic storage devices, or any other medium that can be used to
carry or store desired program code in the form of instructions or data structures and
that can be accessed by a computer. Also, any connection is properly termed a
computer-readable medium. For example, if the software is transmitted from a website,
server, or other remote source using a coaxial cable, fiber optic cable, twisted pair,
digital subscriber line (DSL), or wireless technologies such as infrared (IR), radio, and
microwave, then the coaxial cable, fiber optic cable, twisted pair, DSL, or wireless
technologies such as infrared, radio, and microwave are included in the definition of
medium. Disk and disc, as used herein, include compact disc (CD), laser disc, optical
disc, digital versatile disc (DVD), floppy disk, and Blu-ray® disc where disks usually
reproduce data magnetically, while discs reproduce data optically with lasers. Thus, in
some aspects computer-readable media may comprise non-transitory computer-readable
media (e.g., tangible media). In addition, for other aspects computer-readable media
may comprise transitory computer-readable media (e.g., a signal). Combinations of the

above should also be included within the scope of computer-readable media.

[00276] Thus, certain aspects may comprise a computer program product for
performing the operations presented herein. For example, such a computer program
product may comprise a computer readable medium having instructions stored (and/or
encoded) thereon, the instructions being executable by one or more processors to
perform the operations described herein. For certain aspects, the computer program

product may include packaging material.

[00277] Further, it should be appreciated that modules and/or other appropriate
means for performing the methods and techniques described herein can be downloaded
and/or otherwise obtained by a device as applicable. For example, such a device can be
coupled to a server to facilitate the transfer of means for performing the methods
described herein. Alternatively, various methods described herein can be provided via
storage means (e.g., RAM, ROM, a physical storage medium such as a compact disc
(CD) or floppy disk, etc.), such that a device can obtain the various methods upon
coupling or providing the storage means to the device. Moreover, any other suitable
technique for providing the methods and techniques described herein to a device can be

utilized.
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[00278] It is to be understood that the claims are not limited to the precise
configuration and components illustrated above. Various modifications, changes and
variations may be made in the arrangement, operation and details of the methods and

apparatus described above without departing from the scope of the claims.
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CLAIMS

1. A method of learning using a spiking neural network, comprising:

(a) delaying an input spike in a neuron model according to a current delay
associated with an input to the neuron model, wherein the input spike occurs at an input
spike time relative to a reference time for the neuron model;

(b) emitting an output spike from the neuron model based, at least in part, on the
delayed input spike;

(c) determining an actual time difference between the emission of the output
spike from the neuron model and the reference time for the neuron model; and

(d) adjusting the current delay associated with the input based on a difference
between a target time difference and the actual time difference, the current delay, and an

input spike time for the input spike.

2. The method of claim 1, further comprising:

initializing the current delay before delaying the input spike.

3. The method of claim 1, further comprising:
repeating (a) — (d) with the adjusted delay, at least until the difference between
the target time difference and the actual time difference is less than or equal to a

threshold or until a maximum number of iterations has been performed.

4. The method of claim 1, further comprising:

determining a scalar value based on the adjusted delay, wherein the scalar value
is an inverse of an exponential value of a coefficient of change of a membrane potential
for the neuron model, the exponential raised to the power of the adjusted delay before

taking the inverse.

5. The method of claim 4, wherein the scalar value is a coefficient of a linear
transformation.
6. The method of claim 1, wherein the target time difference is a setpoint for a

homeostatic process involving the neuron model.

7. The method of claim 1, wherein the neuron model has an exponentially growing

membrane potential and continues to depolarize in the absence of an inhibitory input
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and wherein an excitatory input causes the neuron model to fire sooner than the neuron

model would fire without the excitatory input.

8. An apparatus for learning using a spiking neural network, comprising:
a processing unit configured to:

(a) delay an input spike in a neuron model according to a current delay
associated with an input to the neuron model, wherein the input spike occurs at
an input spike time relative to a reference time for the neuron model;

(b) emit an output spike from the neuron model based, at least in part, on
the delayed input spike;

(c) determine an actual time difference between the emission of the
output spike from the neuron model and the reference time for the neuron model;
and

(d) adjust the current delay associated with the input based on a
difference between a target time difference and the actual time difference, the

current delay, and an input spike time for the input spike.

0. The apparatus of claim 8, wherein the processing unit is further configured to:

initialize the current delay before delaying the input spike.

10. The apparatus of claim 8, wherein the processing unit is further configured to:
repeat (a) — (d) with the adjusted delay, at least until the difference between the
target time difference and the actual time difference is less than or equal to a threshold

or until a maximum number of iterations has been performed.

11. The apparatus of claim 8, wherein the processing unit is further configured to:
determine a scalar value based on the adjusted delay, wherein the scalar value is

an inverse of an exponential value of a coefficient of change of a membrane potential

for the neuron model, the exponential raised to the power of the adjusted delay before

taking the inverse.

12. The apparatus of claim 11, wherein the scalar value is a coefficient of a linear
transformation.
13. The apparatus of claim 8, wherein the target time difference is a setpoint for a

homeostatic process involving the neuron model.
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14. The apparatus of claim 8, wherein the neuron model has an exponentially
growing membrane potential and continues to depolarize in the absence of an inhibitory
input and wherein an excitatory input causes the neuron model to fire sooner than the

neuron model would fire without the excitatory input.

15. An apparatus for learning using a spiking neural network, comprising:

(a) means for delaying an input spike in a neuron model according to a current
delay associated with an input to the neuron model, wherein the input spike occurs at an
input spike time relative to a reference time for the neuron model;

(b) means for emitting an output spike from the neuron model based, at least in
part, on the delayed input spike;

(c) means for determining an actual time difference between the emission of the
output spike from the neuron model and the reference time for the neuron model; and

(d) means for adjusting the current delay associated with the input based on a
difference between a target time difference and the actual time difference, the current

delay, and an input spike time for the input spike.

16. The apparatus of claim 15, further comprising:

means for initializing the current delay before delaying the input spike.

17. The apparatus of claim 15, further comprising:
means for repeating (a) — (d) with the adjusted delay, at least until the difference
between the target time difference and the actual time difference is less than or equal to

a threshold or until a maximum number of iterations has been performed.

18. The apparatus of claim 15, further comprising:

means for determining a scalar value based on the adjusted delay, wherein the
scalar value is an inverse of an exponential value of a coefficient of change of a
membrane potential for the neuron model, the exponential raised to the power of the

adjusted delay before taking the inverse.

19. The apparatus of claim 18, wherein the scalar value is a coefficient of a linear
transformation.
20. The apparatus of claim 15, wherein the target time difference is a setpoint for a

homeostatic process involving the neuron model.
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21. The apparatus of claim 15, wherein the neuron model has an exponentially
growing membrane potential and continues to depolarize in the absence of an inhibitory
input and wherein an excitatory input causes the neuron model to fire sooner than the

neuron model would fire without the excitatory input.

22. A computer-program product for learning using a spiking neural network,
comprising a computer-readable medium comprising instructions executable to:

(a) delay an input spike in a neuron model according to a current delay
associated with an input to the neuron model, wherein the input spike occurs at an input
spike time relative to a reference time for the neuron model;

(b) emit an output spike from the neuron model based, at least in part, on the
delayed input spike;

(c) determine an actual time difference between the emission of the output spike
from the neuron model and the reference time for the neuron model; and

(d) adjust the current delay associated with the input based on a difference
between a target time difference and the actual time difference, the current delay, and an

input spike time for the input spike.

23. The computer-program product of claim 22, further comprising instructions
executable to:

initialize the current delay before delaying the input spike.

24. The computer-program product of claim 22, further comprising instructions
executable to:

repeat (a) — (d) with the adjusted delay, at least until the difference between the
target time difference and the actual time difference is less than or equal to a threshold

or until a maximum number of iterations has been performed.

25. The computer-program product of claim 22, further comprising instructions
executable to:

determine a scalar value based on the adjusted delay, wherein the scalar value is
an inverse of an exponential value of a coefficient of change of a membrane potential
for the neuron model, the exponential raised to the power of the adjusted delay before

taking the inverse.
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26. The computer-program product of claim 25, wherein the scalar value is a
coefficient of a linear transformation.
27. The computer-program product of claim 22, wherein the target time difference is

a setpoint for a homeostatic process involving the neuron model.

28. The computer-program product of claim 22, wherein the neuron model has an
exponentially growing membrane potential and continues to depolarize in the absence of
an inhibitory input and wherein an excitatory input causes the neuron model to fire

sooner than the neuron model would fire without the excitatory input.
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