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NEUROSYNAPTIC PROCESSING CORE WITH SPIKE TIME DEPENDENT
PLASTICITY (STDP) LEARNING FOR A SPIKING NEURAL NETWORK

TECHNICAL FIELD
[0001] The present invention generally relates to a neurosynaptic processing core
with spike time dependent plasticity (STDP) learning for a spiking neural network, a
method of operating the neurosynaptic processing core and a method of forming the

neurosynaptic processing core.

BACKGROUND

[0002] Neuromorphic computing is often presented as an alternate computing
paradigm. Spiking Neural Networks (SNNs): a massively parallel, interconnected
network of spiking neurons (the mathematical abstraction of biological neurons) is at
the heart of this concept. The binary, sparse, and event-based nature of
communication between two spiking neurons means that these devices exhibit orders
of magnitude of energy efficiency compared to using standard activation functions of
non-spiking artificial neural networks and therefore are an appealing prospect for
edge-based computing. These edge-based systems, once deployed to their own unique
environment must be able to adapt themselves to their ever-changing surrounding.
On-chip learning enables this fine-tuning ability.

[0003] Spike Time Dependent Plasticity (STDP) has been widely observed in
neuroscience experiments and is believed to be the underlying process for learning
and information storage in the brain. STDP learning rule, as the name suggests, may
adjust the synaptic strength based on the input spike times to the synapse and the
output spike times of the spiking neuron. It is the biological embodiment of the
Hebbian learning rule: neurons that fire together wire together. In STDP learning,
when the pre-synaptic spike precedes the post-synaptic spike, the synaptic weight may
be increased and when the reverse order of events occurs, the synaptic weight may be
decreased. Reverse behavior has also been observed in nature and may be referred to
as an Anti-STDP process.

[0004] Naturally, STDP learning may be a prime candidate for on-chip learning in
SNNs. Therefore, many conventional SNN based systems comprise of solutions

which aim at proposing an implementation of the STDP learning rule. However, the
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STDP process is inherently an unsupervised learning process, and thus indifferent to
the SNN’s performance to the task at hand.

[0005] A need therefore exists to provide a neurosynaptic processing core with
STDP learning for a SNN and related methods that seek to overcome, or at least
ameliorate, one or more of the deficiencies of conventional SNN based systems for
STDP learning, such as but not limited to, enabling or facilitating on-chip STDP

learning for a SNN in an efficient and/or effective manner.

SUMMARY
[0006] According to a first aspect of the present invention, there is provided a
neurosynaptic processing core with spike time dependent plasticity (STDP) learning
for a spiking neural network, the neurosynaptic processing core comprising:

a spiking neuron block comprising a pre-synaptic block and a post-synaptic
block, the pre-synaptic block comprising a plurality of pre-synaptic elements and the
post-synaptic block comprising a plurality of post-synaptic elements;

a synapse block communicatively coupled to the spiking neuron block, the
synapse block comprising a plurality of synaptic weight parameters, each synaptic
weight parameter corresponding to a neuron pair comprising a pre-synaptic element
of the plurality of pre-synaptic elements and a post-synaptic element of the plurality
of post-synaptic elements;

a STDP learning block communicatively coupled to the spiking neuron block
and the synapse block, the STDP learning block comprising:

a pre-synaptic event accumulator comprising:

a pre-synaptic spike event memory block comprising a plurality of pre-
synaptic spike parameters corresponding to the plurality of pre-synaptic
elements, respectively, each pre-synaptic spike parameter indicating a measure
of one or more pre-synaptic spike events at the corresponding pre-synaptic
element; and

a pre-synaptic spike parameter modifier configured to modify a pre-
synaptic spike parameter of the plurality of pre-synaptic spike parameters
based on a first pre-synaptic spike event input from the pre-synaptic block
indicating a pre-synaptic spike event at the corresponding pre-synaptic
element;

a post-synaptic event accumulator comprising:
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a post-synaptic spike event memory block comprising a plurality of
post-synaptic spike parameters corresponding to the plurality of post-synaptic
elements, respectively, each post-synaptic spike parameter indicating a
measure of one or more post-synaptic spike events at the corresponding post-
synaptic element; and

a post-synaptic spike parameter modifier configured to modify a post-
synaptic spike parameter of the plurality of post-synaptic spike parameters
based on a first post-synaptic spike event input from the post-synaptic block
indicating a post-synaptic spike event at the corresponding post-synaptic
element; and
a weight change accumulator comprising:

a weight change memory block comprising a plurality of weight
change parameters corresponding to the plurality of synaptic weight
parameters, respectively; and

a weight change parameter modifier configured to modify a weight
change parameter of the plurality of weight change parameters based a pre-
synaptic spike parameter of the plurality of pre-synaptic spike parameters
corresponding to the weight change parameter or a post-synaptic spike
parameter of the plurality of post-synaptic spike parameters corresponding to
the weight change parameter;

a learning error modulator configured to determine a plurality of learning
errors associated with the STDP learning block for the plurality of synaptic weight
parameters, respectively; and

a synaptic weight modifier communicatively coupled to the STDP learning
block, the learning error modulator and the synapse block, the synaptic weight
modifier being configured to modify a synaptic weight parameter of the plurality of
synaptic weight parameters based on a weight change parameter of the plurality of
weight change parameters corresponding to the synaptic weight parameter and a
learning error of the plurality of learning errors corresponding to the synaptic weight
parameter.

[0007] A method of operating a neurosynaptic processing core with STDP
learning for a spiking neural network,

the neurosynaptic processing core comprising:
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a spiking neuron block comprising a pre-synaptic block and a post-synaptic
block, the pre-synaptic block comprising a plurality of pre-synaptic elements and the
post-synaptic block comprising a plurality of post-synaptic elements;

a synapse block communicatively coupled to the spiking neuron block, the
synapse block comprising a plurality of synaptic weight parameters, each synaptic
weight parameter corresponding to a neuron pair comprising a pre-synaptic element
of the plurality of pre-synaptic elements and a post-synaptic element of the plurality
of post-synaptic elements;

a STDP learning block communicatively coupled to the spiking neuron block
and the synapse block, the STDP learning block comprising:

a pre-synaptic event accumulator comprising:

a pre-synaptic spike event memory block comprising a plurality of pre-
synaptic spike parameters corresponding to the plurality of pre-synaptic
elements, respectively, each pre-synaptic spike parameter indicating a measure
of one or more pre-synaptic spike events at the corresponding pre-synaptic
element; and

a pre-synaptic spike parameter modifier configured to modify a pre-
synaptic spike parameter of the plurality of pre-synaptic spike parameters
based on a first pre-synaptic spike event input from the pre-synaptic block
indicating a pre-synaptic spike event at the corresponding pre-synaptic
element;

a post-synaptic event accumulator comprising:

a post-synaptic spike event memory block comprising a plurality of
post-synaptic spike parameters corresponding to the plurality of post-synaptic
clements, respectively, each post-synaptic spike parameter indicating a
measure of one or more post-synaptic spike events at the corresponding post-
synaptic element; and

a post-synaptic spike parameter modifier configured to modify a post-
synaptic spike parameter of the plurality of post-synaptic spike parameters
based on a first post-synaptic spike event input from the post-synaptic block
indicating a post-synaptic spike event at the corresponding post-synaptic
element; and

a weight change accumulator comprising:
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a weight change memory block comprising a plurality of weight
change parameters corresponding to the plurality of synaptic weight
parameters, respectively; and

a weight change parameter modifier configured to modify a weight
change parameter of the plurality of weight change parameters based a pre-
synaptic spike parameter of the plurality of pre-synaptic spike parameters
corresponding to the weight change parameter or a post-synaptic spike
parameter of the plurality of post-synaptic spike parameters corresponding to
the weight change parameter;

a learning error modulator configured to determine a plurality of learning
errors associated with the STDP learning block for the plurality of synaptic weight
parameters, respectively; and

a synaptic weight modifier communicatively coupled to the STDP learning
block, the learning error modulator and the synapse block, the synaptic weight
modifier being configured to modify a synaptic weight parameter of the plurality of
synaptic weight parameters based on a weight change parameter of the plurality of
weight change parameters corresponding to the synaptic weight parameter and a
learning error of the plurality of learning errors corresponding to the synaptic weight
parameter, and

the method comprising:

triggering the pre-synaptic event accumulator, the post-synaptic event
accumulator and the weight change accumulator based on a first trigger signal
associated with a first time step iteratively during the STDP learning; and

triggering the learning error modulator and the synaptic weight modifier based
on a second trigger signal.

[0008] A method of forming a neurosynaptic processing core with STDP learning
for a spiking neural network, the method comprising:

forming a spiking neuron block comprising a pre-synaptic block and a post-
synaptic block, the pre-synaptic block comprising a plurality of pre-synaptic elements
and the post-synaptic block comprising a plurality of post-synaptic elements;

forming a synapse block communicatively coupled to the spiking neuron
block, the synapse block comprising a plurality of synaptic weight parameters, each

synaptic weight parameter corresponding to a neuron pair comprising a pre-synaptic
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element of the plurality of pre-synaptic elements and a post-synaptic element of the
plurality of post-synaptic elements;
forming a STDP learning block communicatively coupled to the spiking
neuron block and the synapse block, the STDP learning block comprising:
5 a pre-synaptic event accumulator comprising:

a pre-synaptic spike event memory block comprising a plurality of pre-
synaptic spike parameters corresponding to the plurality of pre-synaptic
elements, respectively, each pre-synaptic spike parameter indicating a measure
of one or more pre-synaptic spike events at the corresponding pre-synaptic

10 element; and

a pre-synaptic spike parameter modifier configured to modify a pre-
synaptic spike parameter of the plurality of pre-synaptic spike parameters
based on a first pre-synaptic spike event input from the pre-synaptic block
indicating a pre-synaptic spike event at the corresponding pre-synaptic

15 element;
a post-synaptic event accumulator comprising:

a post-synaptic spike event memory block comprising a plurality of
post-synaptic spike parameters corresponding to the plurality of post-synaptic
elements, respectively, each post-synaptic spike parameter indicating a

20 measure of one or more post-synaptic spike events at the corresponding post-
synaptic element; and

a post-synaptic spike parameter modifier configured to modify a post-
synaptic spike parameter of the plurality of post-synaptic spike parameters
based on a first post-synaptic spike event input from the post-synaptic block

25 indicating a post-synaptic spike event at the corresponding post-synaptic
element; and
a weight change accumulator comprising:

a weight change memory block comprising a plurality of weight

change parameters corresponding to the plurality of synaptic weight
30 parameters, respectively; and

a weight change parameter modifier configured to modify a weight
change parameter of the plurality of weight change parameters based a pre-
synaptic spike parameter of the plurality of pre-synaptic spike parameters

corresponding to the weight change parameter or a post-synaptic spike
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parameter of the plurality of post-synaptic spike parameters corresponding to

the weight change parameter;

forming a learning error modulator configured to determine a plurality of
learning errors associated with the STDP learning block for the plurality of synaptic
weight parameters, respectively; and

forming a synaptic weight modifier communicatively coupled to the STDP
learning block, the learning error modulator and the synapse block, the synaptic
weight modifier being configured to modify a synaptic weight parameter of the
plurality of synaptic weight parameters based on a weight change parameter of the
plurality of weight change parameters corresponding to the synaptic weight parameter
and a learning error of the plurality of learning errors corresponding to the synaptic

weight parameter.

BRIEF DESCRIPTION OF THE DRAWINGS
[0009] Embodiments of the present invention will be better understood and
readily apparent to one of ordinary skill in the art from the following written
description, by way of example only, and in conjunction with the drawings, in
which:

FIG. 1 depicts a schematic drawing of a neurosynaptic processing core with
STDP learning for a spiking neural network, according to various embodiments of the
present invention;

FIG. 2 depicts a schematic flow diagram of a method of operating a
neurosynaptic processing core with STDP learning for a spiking neural network,
according to various embodiments of the present invention, the neurosynaptic
processing core being the neurosynaptic processing core as described with reference
to FIG. 1;

FIG. 3 depicts a schematic flow diagram of a method of forming a
neurosynaptic processing core with STDP learning for a spiking neural network,
according to various embodiments of the present invention, the neurosynaptic
processing core being the neurosynaptic processing core as described with reference
to FIG. 1;

FIG. 4 depicts a neurosynaptic processing system with STDP learning for a

spiking neural network, according to various embodiments of the present invention;
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FIG. 5 depicts an example computer system which the neural network
processor system as described with reference to FIG. 2 may be embodied in, by way
of an example only;

FIG. 6 depicts a high-level block diagram of an error modulated STDP
learning method, according to various example embodiments of the present invention;

FIG. 7 depicts an annotated equation relating to an error modulated STDP
learning method, according to various example embodiments of the present invention;

FIG. 8 depicts an overview architecture design of a learning neurosynaptic
core (e.g., corresponding to the neurosynaptic processing core as described with
reference to FIG. 1) with various computational blocks, according to various example
embodiments of the present invention;

FIG. 9 depicts a schematic drawing of an operational flow for duo on-chip
operational modes for the learning neurosynaptic core, including an inference mode
(left side) and a learning mode (right side), according to various example
embodiments of the present invention;

FIG. 10 depicts a schematic drawing of a neuron circuit block and a synapse
array block, illustrating their architecture design, of the learning neurosynaptic core,
according to various example embodiments of the present invention;

FIG. 11 depicts a schematic drawing of a synaptic trace accumulator of the
learning neurosynaptic core, according to various example embodiments of the
present invention;

FIG. 12 depicts a schematic drawing of a delta weight accumulator of the
learning neurosynaptic core, according to various example embodiments of the
present invention;

FIG. 13 depicts a schematic drawing of an error modulator of the learning
neurosynaptic core for supervised learning error with STDP, according to various
example embodiments of the present invention;

FIG. 14 depicts a schematic drawing of a weight update scheduler for synaptic
weights” changes, according to various example embodiments of the present
invention;

FIG. 15 depicts a schematic diagram illustrating an overview of an operation
and timing flow for on-chip learning in the learning neurosynaptic core, according to

various example embodiments of the present invention;

PCT/SG2020/050506



WO 2022/045961

10

15

20

25

FIG. 16 depicts an internal activity graph in the synaptic trace accumulator
and the delta weight accumulator, according to various example embodiments of the
present invention;

FIG. 17 depicts a schematic drawing of heterogeneous SNN (3x3)
neurosynaptic cores with on-chip learning in a single learning neurosynaptic core as
the last layer of the SNN, according to various example embodiments of the present
invention; and

FIG. 18 depicts a schematic drawing of the configurable numbers of the
neurons (post-synaptic neurons) in the learning neurosynaptic core, according to

various example embodiments of the present invention.

DETAILED DESCRIPTION

[0010] Various embodiments of the present invention provide a neurosynaptic
processing core with spike time dependent plasticity (STDP) learning for a spiking
neural network (SNN) (ie., an artificial SNN), a method of operating the
neurosynaptic processing core and a method of forming the neurosynaptic processing
core.

[0011] As described in the background, for example, many conventional SNN
based systems comprise of solutions which aim at proposing an implementation of the
STDP learning rule. However, the STDP process is inherently an unsupervised
learning process, and thus indifferent to the SNN’s performance to the task at hand.
Accordingly, various embodiments of the present invention provide a neurosynaptic
processing core with STDP learning for a SNN and related methods that seek to
overcome, or at least ameliorate, one or more of the deficiencies of conventional SNN
based systems for STDP learning, such as but not limited to, enabling or facilitating
on-chip STDP learning for a SNN in an efficient and/or effective manner.

[0012] FIG. 1 depicts a schematic drawing of a neurosynaptic processing core 100
with STDP learning for a SNN according to various embodiments of the present
invention. The neurosynaptic processing core 100 comprises: a spiking neuron block
110 comprising a pre-synaptic block 112 and a post-synaptic block 114, the pre-
synaptic block 112 comprising a plurality of pre-synaptic elements 116 and the post-
synaptic block 114 comprising a plurality of post-synaptic elements 118; and a
synapse block 120 communicatively coupled to the spiking neuron block 110, the

synapse block 120 comprising a plurality of synaptic weight parameters, each
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synaptic weight parameter corresponding to a neuron pair comprising a pre-synaptic
element of the plurality of pre-synaptic elements 116 and a post-synaptic element of
the plurality of post-synaptic elements 118. The neurosynaptic processing core 100
further comprises a STDP learning block 130 communicatively coupled to the spiking
neuron block 110 and the synapse block 120, the STDP learning block 130
comprising: a pre-synaptic event accumulator 132 comprising: a pre-synaptic spike
event memory block 134 comprising a plurality of pre-synaptic spike parameters
corresponding to the plurality of pre-synaptic elements 116, respectively, each pre-
synaptic spike parameter indicating a measure of one or more pre-synaptic spike
events at the corresponding pre-synaptic element 116; and a pre-synaptic spike
parameter modifier 136 configured to modify a pre-synaptic spike parameter of the
plurality of pre-synaptic spike parameters based on a first pre-synaptic spike event
input from the pre-synaptic block 112 indicating a pre-synaptic spike event at the
corresponding pre-synaptic element 116; a post-synaptic event accumulator 138
comprising: a post-synaptic spike event memory block 140 comprising a plurality of
post-synaptic spike parameters corresponding to the plurality of post-synaptic
elements 118, respectively, each post-synaptic spike parameter indicating a measure
of one or more post-synaptic spike events at the corresponding post-synaptic element
118; and a post-synaptic spike parameter modifier 142 configured to modify a post-
synaptic spike parameter of the plurality of post-synaptic spike parameters 118 based
on a first post-synaptic spike event input from the post-synaptic block 114 indicating
a post-synaptic spike event at the corresponding post-synaptic element 118; and a
weight change accumulator 144 comprising: a weight change memory block 146
comprising a plurality of weight change parameters corresponding to the plurality of
synaptic weight parameters, respectively; and a weight change parameter modifier
148 configured to modify a weight change parameter of the plurality of weight change
parameters based a pre-synaptic spike parameter of the plurality of pre-synaptic spike
parameters corresponding to the weight change parameter or a post-synaptic spike
parameter of the plurality of post-synaptic spike parameters corresponding to the
weight change parameter. The neurosynaptic processing core 100 further comprises a
learning error modulator 150 configured to determine a plurality of learning errors
associated with the STDP learning block for the plurality of synaptic weight
parameters, respectively; and a synaptic weight modifier 160 communicatively

coupled to the STDP learning block 130, the learning error modulator 150 and the
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synapse block 120, the synaptic weight modifier 160 being configured to modify a
synaptic weight parameter of the plurality of synaptic weight parameters based on a
weight change parameter of the plurality of weight change parameters corresponding
to the synaptic weight parameter and a learning error of the plurality of learning errors
corresponding to the synaptic weight parameter.

[0013] Accordingly, the neurosynaptic processing core 100 is advantageously
configured for enabling or facilitating on-chip STDP learning for a SNN in an
efficient and/or effective manner, and more particularly, with error modulated STDP
learning for improving adaptability, reliability and/or accuracy in STDP learning.
These advantages or technical effects will become more apparent to a person skilled
in the art as the neurosynaptic processing core 100 is described in more detail
according to various embodiments or example embodiments of the present invention.
[0014] In various embodiments, the synapse block 120 comprises a plurality of
synapse elements, each synapse element comprising a synaptic weight parameter of
the plurality of synaptic weight parameters corresponding thereto and corresponds to
the neuron pair corresponding to the synaptic weight parameter.

[0015] In various embodiments, the plurality of synapse elements are configured
as a crossbar memory array, each synapse element being arranged at a corresponding
cross-point of crossbar memory array.

[0016] In various embodiments, the pre-synaptic spike parameter modifier 136
comprises a pre-synaptic spike parameter incrementor configured to increment the
pre-synaptic spike parameter based on the first pre-synaptic spike event input received
from the pre-synaptic block 112, and the post-synaptic spike parameter modifier 142
comprises a post-synaptic spike parameter incrementor configured to increment the
post-synaptic spike parameter based on the first post-synaptic spike event input
received from the post-synaptic block 114.

[0017] In various embodiments, the pre-synaptic spike parameter modifier 136
further comprises a pre-synaptic spike parameter decrementor configured to
decrement the pre-synaptic spike parameter, and the post-synaptic spike parameter
modifier 142 further comprises a post-synaptic spike parameter decrementor
configured to decrement the post-synaptic spike parameter.

[0018] In various embodiments, the above-mentioned each pre-synaptic spike
parameter indicates a pre-synaptic trace of the one or more pre-synaptic spike events

at the corresponding pre-synaptic element 116, the pre-synaptic spike parameter
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incrementor is configured to increment the pre-synaptic spike parameter based on a
first incremental value, and the pre-synaptic spike parameter decrementor is
configured to decrement the pre-synaptic spike parameter based on a first decremental
value.

[0019] In various embodiments, the above-mentioned each post-synaptic spike
parameter indicates a post-synaptic trace of the one or more post-synaptic spike
events at the corresponding post-synaptic element 118, the post-synaptic spike
parameter incrementor is configured to increment the post-synaptic spike parameter
based on a second incremental value, and the post-synaptic spike parameter
decrementor is configured to decrement the post-synaptic spike parameter based on a
second decremental value.

[0020] In various embodiments, the weight change accumulator 144 further
comprises a synaptic spike event selector configured to select the pre-synaptic spike
parameter from the pre-synaptic spike event memory block 134 for output to the
weight change parameter modifier 148 based on a second post-synaptic spike event
input from the post-synaptic block 114 indicating the post-synaptic spike event at the
corresponding post-synaptic element 118 or select the post-synaptic spike parameter
from the post-synaptic spike event memory block 140 for output to the weight change
parameter modifier 148 based on a second pre-synaptic spike event input from the
pre-synaptic block 112 indicating the pre-synaptic spike event at the corresponding
pre-synaptic element 116.

[0021] In various embodiments, the weight change parameter modifier 148 is
configured to increment the weight change parameter based on the pre-synaptic spike
parameter received from the synaptic spike event selector or decrement the weight
change parameter based on the post-synaptic spike parameter received from the
synaptic spike event selector.

[0022] In various embodiments, the learning error modulator 150 comprises: a
learning error determiner configured to determine the plurality of learning errors for
the plurality of synaptic weight parameters, respectively; and a learning error
evaluator configured to determine a learning error outcome for the synaptic weight
parameter based on a learning error of the plurality of learning errors corresponding to
the synaptic weight parameter. In various embodiments, the synaptic weight modifier
160 is configured to modify the synaptic weight parameter of the plurality of synaptic

weight parameters based on the weight change parameter received from the weight
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change accumulator 144 corresponding to the synaptic weight parameter and the
learning error outcome received from the learning error modulator 150 corresponding
to the synaptic weight parameter.

[0023] In various embodiments, the learning error modulator 150 further
comprises a synaptic spike event record block comprising a plurality of post-synaptic
spike event record parameters for the plurality of post-synaptic elements 118,
respectively, each post-synaptic spike event record parameter indicating a number of
post-synaptic spike events that occurred at the corresponding post-synaptic element
118. In various embodiments, the learning error determiner is configured to
determine, for each of the plurality of synaptic weight parameters, the learning error
for the synaptic weight parameter based on the post-synaptic spike event record
parameter for the post-synaptic element 118 corresponding to the synaptic weight
parameter and a reference parameter for the post-synaptic element 118 corresponding
to the synaptic weight parameter.

[0024] In various embodiments, the synaptic weight modifier 160 comprises a
weight change determiner configured to determine a second weight change parameter
for modifying the synaptic weight parameter based on the first weight change
parameter received from the weight change accumulator 144 corresponding to the
synaptic weight parameter and the learning error outcome received from the learning
error modulator 150 corresponding to the synaptic weight parameter.

[0025] In various embodiments, the pre-synaptic event accumulator 132, the post-
synaptic event accumulator 138 and the weight change accumulator 144 are each
configured to be triggered based on a first trigger signal associated with a first time
step iteratively (e.g., periodically) during the STDP learning. In various embodiments,
the learning error modulator 150 and the synaptic weight modifier 160 are each
configured to be triggered based on a second trigger signal.

[0026] In various embodiments, the pre-synaptic spike parameter incrementor of
the pre-synaptic event accumulator 132 is configured to be triggered based on the first
trigger signal to receive the first pre-synaptic spike event input from the pre-synaptic
block 112 so as to increment the pre-synaptic spike parameter based on the first pre-
synaptic spike event input received. In various embodiments, the post-synaptic spike
parameter incrementor of the post-synaptic event accumulator 138 is configured to be
triggered based on the first trigger signal to receive the first post-synaptic spike event

input from the post-synaptic block 114 so as to increment the post-synaptic spike
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parameter based on the first post-synaptic spike event input received. In various
embodiments, the synaptic spike event selector of the weight change accumulator 144
is configured to be triggered based on the first trigger signal: to receive the second
pre-synaptic spike event input from the pre-synaptic block 112 so as to select the post-
synaptic spike parameter from the post-synaptic spike event memory block 140 for
output to the weight change parameter modifier 148 based on the second pre-synaptic
spike event input received, or to receive the second post-synaptic spike event input
from the post-synaptic block 114 so as to select the pre-synaptic spike parameter from
the pre-synaptic spike event memory block 134 for output to the weight change
parameter modifier 148 based on the second post-synaptic spike event input received.
[0027] In various embodiments, one or more of the plurality of post-synaptic
elements 118 corresponds to one or more spiking neurons in a layer of the SNN.
[0028] In various embodiments, the above-mentioned layer is an output layer of
the SNN.

[0029] FIG. 2 depicts a schematic flow diagram of a method 200 of operating a
neurosynaptic processing core with STDP learning for a SNN according to various
embodiments of the present invention, the neurosynaptic processing core being the
neurosynaptic processing core 100 as described hereinbefore with reference to FIG. 1
according to various embodiments.

[0030] The method 200 comprises: triggering (at 202) the pre-synaptic event
accumulator 132, the post-synaptic event accumulator 138 and the weight change
accumulator 144 based on a first trigger signal associated with a first time step
iteratively during the STDP learning; and triggering (at 204) the learning error
modulator 150 and the synaptic weight modifier 160 based on a second trigger signal.
[0031] In various embodiments, the above-mentioned triggering the pre-synaptic
event accumulator 132 comprises triggering the pre-synaptic spike parameter
incrementor of the pre-synaptic event accumulator 132 based on the first trigger signal
to receive the first pre-synaptic spike event input from the pre-synaptic block 112 so
as to increment the pre-synaptic spike parameter based on the first pre-synaptic spike
event input received. In various embodiments, the above-mentioned triggering the
post-synaptic event accumulator 138 comprises triggering the post-synaptic spike
parameter incrementor of the post-synaptic event accumulator 138 based on the first
trigger signal to receive the first post-synaptic spike event input from the post-

synaptic block 114 so as to increment the post-synaptic spike parameter based on the
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first post-synaptic spike event input received. In various embodiments, the above-
mentioned triggering the weight change accumulator 144 comprises triggering the
synaptic spike event selector of the weight change accumulator 144 based on the first
trigger signal to: receive the second post-synaptic spike event input from the post-
synaptic block 114 so as to select the pre-synaptic spike parameter from the pre-
synaptic spike event memory block 134 for output to the weight change parameter
modifier 148 based on the second post-synaptic spike event input received, or to
receive the second pre-synaptic spike event input from the pre-synaptic block 112 so
as to select the post-synaptic spike parameter from the post-synaptic spike event
memory block 138 for output to the weight change parameter modifier 148 based on
the second pre-synaptic spike event input received.

[0032] In various embodiments, the above-mentioned triggering the learning error
modulator 150 comprising triggering the learning error determiner of the learning
error modulator 150 based on the second trigger signal to determine the plurality of
learning errors for the plurality of synaptic weight parameters, respectively. The
learning error determiner is configured to determine, for each of the plurality of
synaptic weight parameters, the learning error for the synaptic weight parameter based
on the post-synaptic spike event record parameter for the post-synaptic element 118
corresponding to the synaptic weight parameter and a reference parameter for the
post-synaptic element 118 corresponding to the synaptic weight parameter.

[0033] In various embodiments, the synaptic weight modifier 160 comprises a
weight change determiner configured to determine a second weight change parameter
for modifying the synaptic weight parameter based on the first weight change
parameter received from the weight change accumulator 144 corresponding to the
synaptic weight parameter and the learning error outcome received from the learning
error modulator 150 corresponding to the synaptic weight parameter.

[0034] In various embodiments, the above-mentioned triggering the synaptic
weight modifier 160 comprises triggering the synaptic weight modifier 160 based on
the second trigger signal to modify the synaptic weight parameter based on the first
weight change parameter received from the weight change accumulator 144
corresponding to the synaptic weight parameter and the learning error outcome
received from the learning error modulator 150 corresponding to the synaptic weight

parameter.
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[0035] FIG. 3 depicts a schematic flow diagram of a method 300 of forming a
neurosynaptic processing core with STDP learning for a SNN according to various
embodiments of the present invention, the neurosynaptic processing core being the
neurosynaptic processing core 100 as described hereinbefore with reference to FIG. 1
according to various embodiments. The method 300 comprises: forming (at 302) a
spiking neuron block 110 comprising a pre-synaptic block 112 and a post-synaptic
block 114, the pre-synaptic block 112 comprising a plurality of pre-synaptic elements
116 and the post-synaptic block 114 comprising a plurality of post-synaptic elements
118; and forming (at 304) a synapse block 120 communicatively coupled to the
spiking neuron block 110, the synapse block 120 comprising a plurality of synaptic
weight parameters, each synaptic weight parameter corresponding to a neuron pair
comprising a pre-synaptic element of the plurality of pre-synaptic elements 116 and a
post-synaptic element of the plurality of post-synaptic elements 118. The method 300
further comprises forming (at 306) a STDP learning block 130 communicatively
coupled to the spiking neuron block 110 and the synapse block 120, the STDP
learning block 130 comprising: a pre-synaptic event accumulator 132 comprising: a
pre-synaptic spike event memory block 134 comprising a plurality of pre-synaptic
spike parameters corresponding to the plurality of pre-synaptic elements 116,
respectively, each pre-synaptic spike parameter indicating a measure of one or more
pre-synaptic spike events at the corresponding pre-synaptic element 116; and a pre-
synaptic spike parameter modifier 136 configured to modify a pre-synaptic spike
parameter of the plurality of pre-synaptic spike parameters 116 based on a first pre-
synaptic spike event input from the pre-synaptic block 112 indicating a pre-synaptic
spike event at the corresponding pre-synaptic element 116; a post-synaptic event
accumulator 138 comprising: a post-synaptic spike event memory block 140
comprising a plurality of post-synaptic spike parameters corresponding to the plurality
of post-synaptic elements 118, respectively, each post-synaptic spike parameter
indicating a measure of one or more post-synaptic spike events at the corresponding
post-synaptic element 118; and a post-synaptic spike parameter modifier 142
configured to modify a post-synaptic spike parameter of the plurality of post-synaptic
spike parameters based on a first post-synaptic spike event input from the post-
synaptic block 114 indicating a post-synaptic spike event at the corresponding post-
synaptic element 118; and a weight change accumulator 144 comprising: a weight

change memory block 146 comprising a plurality of weight change parameters
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corresponding to the plurality of synaptic weight parameters, respectively; and a
weight change parameter modifier 148 configured to modify a weight change
parameter of the plurality of weight change parameters based a pre-synaptic spike
parameter of the plurality of pre-synaptic spike parameters corresponding to the
weight change parameter or a post-synaptic spike parameter of the plurality of post-
synaptic spike parameters corresponding to the weight change parameter. The method
300 further comprises forming (at 308) a learning error modulator 150 configured to
determine a plurality of learning errors associated with the STDP learning block 130
for the plurality of synaptic weight parameters, respectively; and forming (at 310) a
synaptic weight modifier 160 communicatively coupled to the STDP learning block
130, the learning error modulator 150 and the synapse block 120, the synaptic weight
modifier 160 being configured to modify a synaptic weight parameter of the plurality
of synaptic weight parameters based on a weight change parameter of the plurality of
weight change parameters corresponding to the synaptic weight parameter and a
learning error of the plurality of learning errors corresponding to the synaptic weight
parameter.

[0036] In various embodiments, the neurosynaptic processing core 100 may be
formed using a plurality of processors (or processing units) with memory structures
(or memories) that function as the neurons and synapses. For example, the
communication between the processors (or processing units) and the memories may
be established using simple temporal message which is typically in spikes form. For
example, the neurosynaptic processing core 100 may be formed or fabricated (e.g., the
method 300 of forming a neurosynaptic processing core may be performed) using
commercially available CMOS technologies, such as at a semiconductor foundry. By
way of an example only and without limitation, the neurosynaptic processing core 100
may be fabricated using UMC (United Microelectronics Corporation) 40nm CMOS
technology.

[0037] FIG. 4 depicts a neurosynaptic processing system 400 with STDP learning
for a SNN according to various embodiments of the present invention. The
neurosynaptic processing system 400 comprises one or more neurosynaptic
processing cores, each neurosynaptic processing core being the neurosynaptic
processing core 100 as described hereinbefore with reference to FIG. 1 according to
various embodiments; a memory 402; and at least one processor 404

communicatively coupled to the memory 402 and the one or more neurosynaptic
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processing cores 100 and configured to coordinate the one or more neurosynaptic
processing cores 100 for performing STDP learning for the SNN.

[0038] In various embodiments, the neurosynaptic processing system 400 may be
formed as an integrated processing circuit. The neurosynaptic processing system 400
may also be embodied as a device or an apparatus.

[0039] A computing system, a controller, a microcontroller or any other system
providing a processing capability may be presented according to various embodiments
in the present disclosure. Such a system may be taken to include one or more
processors and one or more computer-readable storage mediums. For example, the
neurosynaptic processing system 400 described hereinbefore may include a number of
processing units (e.g., processor(s) 404 and neurosynaptic processing core(s) 100) and
one or more computer-readable storage medium (or memory) 402 which are for
example used in various processing carried out therein as described herein. A memory
or computer-readable storage medium used in various embodiments may be a volatile
memory, for example a DRAM (Dynamic Random Access Memory) or a non-volatile
memory, for example a PROM (Programmable Read Only Memory), an EPROM
(Erasable PROM), EEPROM (Electrically Erasable PROM), or a flash memory, e.g.,
a floating gate memory, a charge trapping memory, an MRAM (Magnetoresistive
Random Access Memory) or a PCRAM (Phase Change Random Access Memory).
[0040] In various embodiments, a "circuit" may be understood as any kind of a
logic implementing entity, which may be special purpose circuitry or a processor
executing software stored in a memory, firmware, or any combination thereof. Thus,
in an embodiment, a "circuit" may be a hard-wired logic circuit or a programmable
logic circuit such as a programmable processor, e.g., a microprocessor (e.g. a
Complex Instruction Set Computer (CISC) processor or a Reduced Instruction Set
Computer (RISC) processor). A "circuit" may also be a processor executing software,
e.g. any kind of computer program, e.g. a computer program using a virtual machine
code such as e.g. Java. Any other kind of implementation of the respective functions
which will be described in more detail below may also be understood as a "circuit" in
accordance with various alternative embodiments. Similarly, a “module” may be a
portion of a system according to various embodiments in the present invention and
may encompass a ‘“circuit” as above, or may be understood to be any kind of a logic-

implementing entity therefrom.
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[0041] Some portions of the present disclosure are explicitly or implicitly
presented in terms of algorithms and functional or symbolic representations of
operations on data within a computer memory. These algorithmic descriptions and
functional or symbolic representations are the means used by those skilled in the data
processing arts to convey most effectively the substance of their work to others skilled
in the art. An algorithm is here, and generally, conceived to be a self-consistent
sequence of steps leading to a desired result. The steps are those requiring physical
manipulations of physical quantities, such as electrical, magnetic or optical signals
capable of being stored, transferred, combined, compared, and otherwise manipulated.
[0042] Unless specifically stated otherwise, and as apparent from the following, it
will be appreciated that throughout the present specification, discussions utilizing
terms such as “modify”, “increment”, “decrement”, “select”, “determine”, “trigger”,
“receive” or the like, refer to the actions and processes of a computer system, or
similar electronic device, that manipulates and transforms data represented as physical
quantities within the computer system into other data similarly represented as physical
quantities within the computer system.

[0043] The present specification also discloses a system (e.g., which may also be
embodied as a device or an apparatus) for performing the operations/functions of the
method(s) described herein. Such a system or apparatus may be specially constructed
for the required purposes, or may comprise a general purpose computer or other
device selectively activated or reconfigured by a computer program stored in the
computer. The algorithms presented herein are not inherently related to any particular
computer or other apparatus. Various general purpose machines may be used with
computer programs in accordance with the teachings herein. Alternatively, the
construction of more specialized apparatus to perform the required method steps may
be appropriate.

[0044] In addition, the present specification also at least implicitly discloses a
computer program or software/functional module, in that it would be apparent to the
person skilled in the art that the individual steps of the methods described herein may
be put into effect by computer code. The computer program is not intended to be
limited to any particular programming language and implementation thereof. It will be
appreciated that a variety of programming languages and coding thereof may be used
to implement the methods/techniques of the disclosure contained herein. Moreover,

the computer program is not intended to be limited to any particular control flow.
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There are many other variants of the computer program, which can use different
control flows without departing from the spirit or scope of the invention. It will be
appreciated to a person skilled in the art that various modules may be software
module(s) realized by computer program(s) or set(s) of instructions executable by a
computer processor to perform the required functions, or may be hardware module(s)
being functional hardware unit(s) designed to perform the required functions. It will
also be appreciated that a combination of hardware and software modules may be
implemented.

[0045] Furthermore, one or more of the steps of the computer program/module or
method may be performed in parallel rather than sequentially. Such a computer
program may be stored on any computer readable medium. The computer readable
medium may include storage devices such as magnetic or optical disks, memory
chips, or other storage devices suitable for interfacing with a general purpose
computer. The computer program when loaded and executed on such a general-
purpose computer effectively results in an apparatus that implements the steps of the
methods described herein.

[0046] In various embodiments, there is provided a computer program product,
embodied in one or more computer-readable storage mediums (non-transitory
computer-readable storage medium), comprising instructions executable by one or
more computer processors (e.g., the processor(s) 404) to perform a method 200 of
operating a neurosynaptic processing core with STDP learning for a SNN as described
hereinbefore with reference to FIG. 2. Accordingly, various computer programs or
modules described herein may be stored in a computer program product receivable by
a system therein for execution by at least one processor 404 of the system to perform
the respective functions.

[0047] The software or functional modules described herein may also be
implemented as hardware modules. More particularly, in the hardware sense, a
module is a functional hardware unit designed for use with other components or
modules. For example, a module may be implemented using discrete electronic
components, or it can form a portion of an entire electronic circuit such as an
Application Specific Integrated Circuit (ASIC). Numerous other possibilities exist.
Those skilled in the art will appreciate that the software or functional module(s)
described herein can also be implemented as a combination of hardware and software

modules. Accordingly, in various embodiments, the neurosynaptic processing core
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100 (e.g., components, blocks or modules therein) may be implemented in software or
hardware, or a combination (e.g., a co-design) of both software and hardware in order
to suit or accommodate different applications’ requirements. By way of an example
only and without limtation, in edge devices (or front-end devices), neuromorphic
processor with low power consumption may be needed or preferred to execute
energy-constrained applications. In such applications, for example, the core
computation (e.g., the spiking neuron block 110 and the synapse block 120 may be
implemented in hardware). On the other hand, for example, learning functionality,
which is complex in its computation and is not as frequently operated as the core
computation, may be implemented in software. In this regard, components or modules
that are related to the learning functionality may include, for example, the STDP
learning block 130, the synaptic weight modifier 160 and the learning error modulator
150.

[0048] In various embodiments, the neural network processor system 400 may be
realized by any computer system (e.g., portable or desktop computer system, such as
tablet computers, laptop computers, mobile communications devices (e.g., smart
phones), and so on) including at least one processor, a memory and the neurosynaptic
processing core(s) 100 configured as described hereinbefore according to various
embodiments, such as a computer system 500 as schematically shown in FIG. 5 as an
example only and without limitation. Various methods/steps or functional modules
may be implemented as software, such as a computer program (e.g., one or more
neural network applications) being executed within the computer system 500, and
instructing the computer system 500 (in particular, one or more processors therein) to
conduct the methods/functions of various embodiments described herein. The
computer system 500 may comprise a computer module 502, input modules, such as a
keyboard 504 and a mouse 506, and a plurality of output devices such as a display
508, and a printer 510. The computer module 502 may be connected to a computer
network 512 via a suitable transceiver device 514, to enable access to e.g., the Internet
or other network systems such as Local Area Network (LAN) or Wide Area Network
(WAN). The computer module 502 in the example may include a processor 518 (e.g.,
corresponding to the processor 404 as described herein according to various
embodiments) for executing various instructions (e.g., neural network application(s)),
neurosynaptic processing core(s) 519 (e.g., corresponding to the neurosynaptic

processing core(s) 100 as described herein according to various embodiments), a
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Random Access Memory (RAM) 520 and a Read Only Memory (ROM) 522. The
computer module 502 may also include a number of Input/Output (I/0) interfaces, for
example I/O interface 524 to the display 508, and 1/O interface 526 to the keyboard
504. The components of the computer module 502 typically communicate via an
interconnected bus 528 and in a manner known to the person skilled in the relevant
art.

[0049] It will be appreciated to a person skilled in the art that the terminology
used herein is for the purpose of describing various embodiments only and is not
intended to be limiting of the present invention. As used herein, the singular forms
"a", "an" and "the" are intended to include the plural forms as well, unless the context
clearly indicates otherwise. It will be further understood that the terms "comprises”
and/or "comprising” when used in this specification, specify the presence of stated
features, integers, steps, operations, elements, and/or components, but do not preclude
the presence or addition of one or more other features, integers, steps, operations,
elements, components, and/or groups thereof.

[0050] Any reference to an element or a feature herein using a designation such as
“first,” “second,” and so forth does not limit the quantity or order of such elements or
features. For example, such designations are used herein as a convenient method of
distinguishing between two or more elements or instances of an element. Thus, a
reference to first and second elements does not mean that only two elements can be
employed, or that the first element must precede the second element. In addition, a
phrase referring to “at least one of” a list of items refers to any single item therein or
any combination of two or more items therein.

[0051] In order that the present invention may be readily understood and put into
practical effect, various example embodiments of the present invention will be
described hereinafter by way of examples only and not limitations. It will be
appreciated by a person skilled in the art that the present invention may, however, be
embodied in various different forms or configurations and should not be construed as
limited to the example embodiments set forth hereinafter. Rather, these example
embodiments are provided so that this disclosure will be thorough and complete, and
will fully convey the scope of the present invention to those skilled in the art.

[0052] Various example embodiments provide a neurosynaptic core with on-chip
learning (e.g., corresponding to the neurosynaptic processing core 100 as described

hereinbefore according to various embodiments) and a method of operating the
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neurosynaptic core (e.g., corresponding to the method 200 of operating a
neurosynaptic processing core 100 as described hereinbefore according to various
embodiments).

[0053] In particular, various example embodiments provide neurosynaptic core
design with on-chip learning in a SNN. Various example embodiments provide an
architectural design approach and the operation method that exhibit effective on-chip
learning capability using error modulated STDP rule. For example and without
limitation, there may be two key differentiations between the neuromorphic SNN
system (e.g., corresponding to the neurosynaptic processing system 400 as described
hereinbefore according to various embodiments), including one or more
neurosynaptic cores, according to various example embodiments and conventional
existing neuromorphic SNN systems with STDP based learning rule. First, the design
may be integrated with supervised learning error that toggles between STDP and
Anti-STDP processes. Second, the design may be a method for the neuromorphic
SNN system to achieve the required network learning outcome with (at least) single
learning neurosynaptic core. In addition to that, the neurosynaptic core according to
various example embodiments may include three key features. The architecture may
be adaptable to neuromorphic SNN system with homogeneous or heterogeneous
network configurations. It may have duo on-chip operational modes, which are
inference (without learning) mode and learning mode. The neurosynaptic core
according to various example embodiments also provides flexibility as it supports
configurable numbers of learning neurons in order to cater to the various applications’
requirement. Overall, various example embodiments may provide an intuitive
hardware solution for SNN that supports transfer learning and having the feasibility to
learn/relearn new tasks without catastrophic forgetting.

[0054] Various example embodiments use the supervised learning error to
modulate the STDP weight update. As an example, the use of supervised learning
error to toggle between STDP and Anti-STDP process differentiates the method
according to various example embodiments from conventional STDP based learning
rules. This learning mechanism that is presented according to various example
embodiments may be referred to as an error modulated STDP learning rule. In various
example embodiments, the error modulation may involve an error term, a pre-synaptic

term and a post-synaptic term.
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[0055] Various example embodiments may train the last layer of a pre-trained
network to quickly learn to adapt to a new task in the domain of transfer learning. In
this regard, various example embodiments may follow this modality and focus on
learning only on a few neurosynaptic cores that represent the output layer neurons to
strike a balance between the adaptability of the SNN and the on-chip learning
overhead. The method or algorithm description and the learning neurosynaptic core
architecture, which serves a key building block of a modular neuromorphic SNN with
error modulated STDP capability, will be described hereinafter according to various

example embodiments of the present invention.

Learning with Error Modulated STDP

[0056] The algorithmic details of the error modulated STDP learning method (or
learning rule) according to various example embodiments of the present invention
will now be described. Unlike conventional STDP based learning method, various
example embodiments use supervised learning error to modulate the STDP learning
process. In various example embodiments, based on the state of the current error, the
learning process is modulated between STDP learning and Anti-STDP learning. For
example, the modulation may be performed based on the sign of the error determined.
By way of an example only, if the etror is positive, the process may be at the STDP
learning mode or state (e.g., remains at STDP learning) and if the error is negative,
the process may be at the anti-STDP learning mode or state (e.g., changes to the anti-
STDP learning). In this regard, in the case of anti-STDP learning, post followed by
pre would cause a decrease in weight, whereas pre followed by post would cause an
increase in weight, that is, the reverse behavior in STDP process. Furthermore, the
magnitude of the error may also modulate the degree of weight increment or
decrement, for example, for same pre and post spike times, a larger error results in a
larger weight change. It follows that when there is zero error, there is no weight
change. Accordingly, this learning method according to various example
embodiments enables the ability to learn the synaptic weights in the neurosynaptic
processing core and to adapt to, for example, new environment, change of the task,
device variance, and so on, and still maintain a good performance of the SNN.
According to various example embodiments, the algorithm may be applied only to the

output layer of the SNN. For illustration purpose only and without limitation, a high-
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level block diagram of the error modulated STDP learning method is shown in FIG. 6

according to various example embodiments of the present invention.

Learning Method / Algorithm

[0057] Denote an SNN with V. For a given set of input spikes, s, the objective
of this network is to learn to output spike, sou(?) = N(sin), with some desired property,
v = h(sou(?)) that is close, ideally equal, to the target statistics 3.

[0058] SNN feature extractor: According to various example embodiments, the
method may be applied for learning the weights of the last/output layer. The network
N, however, can have multiple layers or even recurrent connections. Denote the
network without the output layer of neurons as N_1. Then spre(f) = N -1(sin(?)) is the
spiking feature which is also the presynaptic input to the last spiking layer. Although
not necessary, N_; may be pre-trained with some offline training method and used in
a transfer learning scenario. Other options are a random pool of neurons in the form of
Echo State Network, Liquid State Machine, spiking version of Extreme Learning
Machine, and so on, as disclosed and known in the art or the spiking input, siu(f) itself.
[0059] Synapse and Weight: A synapse may comprise a representation of weight
of the network. For example, the synaptic weights of the last layer is to be learned,
which may be denoted by the matrix W, or the individual element may be denoted by
wji. The synapse takes the input spikes and outputs weighted spike, wjsi(?).

[0060] Spiking Neuron: A spiking neuron is a spike generation mechanism,
which may be any model of a spiking neuron, such as but not limited to, a simple
Leaky Integrate and Fire neuron, spike response neuron, Izhikevich neuron, and so on.
The spiking neuron may take weighted spikes wiisi(f) and produce the post-synaptic
spike of the layer s;(f) = spost(?). In the last layer of the network, the spiking neuron
may produce the output of the network, sou(?). In various example embodiments, with
reference to FIG. 1, each pre-synaptic element 116 may refer or correspond to a pre-
synaptic spike to the neurosynaptic processing core 100, for example, a spike arriving
at the pre-synaptic block 112 (e.g., corresponding the axon block of the neuron circuit
810 as will be described later below), and each post-synaptic element 118 may refer
or correspond to a post-synaptic spike from the neurosynaptic processing core 100,
which may be represented by a neuron (e.g., corresponding to the neuron block of the

neuron circuit 8§10 as will be described later below). Accordingly, for example, the
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pre-synaptic element 116 may be or correspond to a copy input spike to the
neurosynaptic processing core 100 and the post-synaptic element 118 may be or
correspond to a copy output spike from the neurosynaptic processing core 100. For
example, a neuron output (an output spike or a post-synpatic spike from a post-
synaptic element 118 (which may be referred to as a neuron or neuron element) may
be routed in a neuromorphic mesh (or network) from one neuromorphic processing
core to another neuromorphic processing core and terminates at a pre-synaptic
element of a pre-synaptic block of a spiking neuron block (e.g., an axon (or axon
element) of an axon block of a neuron circuit) of that another neuromorphic
processing core as a spike (a pre-synaptic spike) arriving thereat.

[0061] Accordingly, components or blocks of the inference network have been
described above. Various components or blocks of the error modulated STDP learning
method according to various example embodiments will now be described below.
[0062] Spike Trace: A spike trace () may be a low pass filtered form of spike
s(f). Various example embodiments may implement the low pass filtering mechanism
based on a first order RC (exponentially decaying) filter. In this regard, the time
constant of the filter may determine how far apart in time the pre-synaptic spike,
Spre(?), and post-synaptic spike, spost(f), can interact with each other for learning. trpre
and trpost denote pre-synaptic trace and post-synaptic trace, respectively.

[0063] Error: An error may be any form of supervised learning error given a
target statistics. By way of an example only and without limitation, a target statistics,
¥, may be simply a desired spike count of the output over an interval ¢ € [0,T]. Then y
= h(sou(?)) is the actual spike count in the interval [0,7] and the error may thus be

determined as shown in Equation 1 below:

error = (y — ). ¢y
[0064] In various example embodiments, the learning method may minimize the

loss (¥~ 4)°.
[0065] Learning: The error modulated STDP learning method (or learning rule)
according to various example embodiments may be expressed as shown in Equation

(2) below:

A s oprraritiow f 4 fe SN Sev oA TR gy FESY
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[0066] In Equation 2, A+ and A- are the STDP learning constants. According to

various example embodiment, the weight may be updated at every time step. The
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error, however, may not be available at every time step, for example, if the spike
count statistics error y — ¥ is used, then the error may only be calculated at an interval
of T time units. In such a case, the error modulated STDP learning method may be

expressed as shown in Equation 3 below:

v
A“"post.wc =y - y) ® / ( A ‘l""pm({';" S:o,ost(f) - A Spr-r:(i) m“post“)) df
JH N

3
and the weight may be updated in an interval of T time units.

[0067] For illustration purpose only and without limitation, FIG. 7 annotates
Equation 3 with various labels according to various example embodiments to
facilitate better understanding. It will be understood by a person skilled in the art the
learning method is not limited to the above-described expressions (or forms)
(Equations 2 and 3), which are provided by way of examples only and without
limitations, and various modifications or variations to the learning method is possible
and are within the scope of the present invention. By way of an example only and
without limitation, the following expression (or form) may eliminate the need for
complex multiplication units in hardware, and yet is effective.

T
A'U-"puat:prr» == ["}QU(’;’ U) X / ('x + hpu‘(}) Spast (f:’ - AL Spr»\“ﬁ} 17‘1%35: U:‘) dt
Juo N

Qef-1.0,1}
C))

[0068] In Equation 4, Q represents quantization operation on the value inside the

square brackets, and Q € {-1, 0, 1} indicates an example of ternary quantization.

Architecture Design: Neurosynaptic Core with On-chip Learning

[0069] Various example embodiments provide an architecture design of a
neurosynaptic core that serves as a key building block of a modular neuromorphic
SNN with on-chip learning capability. The architecture design disclosed is also a key
enabler for the neuromorphic SNN to achieve the network learning outcome with a
very low number of learning neurosynaptic cores (e.g., as low as one to a few). In this
regard, the learning neurosynaptic core(s) may be mapped as the last layer of the
network.

[0070] An overview architecture design of a learning neurosynaptic core 8§00
(e.g., comresponding to the neurosynaptic processing core 100 as described
hereinbefore according to various embodiments) with various computational blocks

according to various example embodiments is shown in FIG. 8. The learning
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neurosynaptic core 800 comprises a plurality of building blocks, including a neuron
circuit 810 (e.g., corresponding to the spiking neuron block 110 as described
hereinbefore according to various embodiments), a synapse array 820 (e.g.,
corresponding to the synapse block 120 as described hereinbefore according to
various embodiments), a synaptic trace accumulator 830 (e.g., corresponding to the
pre-synaptic event accumulator 132 and the post-synaptic event accumulator 134 as
described hereinbefore according to various embodiments), a delta weight
accumulator 844 (e.g., corresponding to the weight change accumulator 144) as
described hereinbefore according to various embodiments), an error modulator 850
(e.g., corresponding to the learning error modulator 150 as described hereinbefore
according to various embodiments), a weight update scheduler 860 (e.g.,
corresponding to the synaptic weight modifier 160 as described hereinbefore
according to various embodiments) and a communication interface 870. The learning
capability in the learning neurosynaptic core 800 is provided based on the synaptic
trace accumulator 830, the delta weight accumulator 844, the error modulator 850 and
a weight update scheduler 860, which may herein be referred to as the learning
blocks. The learning blocks formulate the error modulated STDP method (or STDP
rule) to learn the new synaptic weights in the learning neurosynaptic core 800. By
monitoring the synaptic activities inside the neuron circuit 810 throughout the
network learning period, the learning blocks may compute the synapse weight
changes and the synapse weight changes may then be imposed on the synapse array
820. The communication interface 870 may be configured to enable time-multiplexed
communication between various neurosynaptic cores in the network and also to the
external processor (e.g., corresponding to the processor 404 as described hereinbefore
according to various embodiments).

[0071] Accordingly, the architecture design for the learning neurosynaptic core
800 according to various example embodiments is highly adaptable in the system-
level integration. For example, the architecture design is feasible for SNN system with
homogeneous and heterogeneous network configurations. The architecture design
may also support two operations, namely, inference (without learning) mode and
learning mode. For illustration purpose only, the operational flow for both on-chip
modes and the involvement of the computational blocks is shown in FIG. 9. In
particular, FIG. 9 depicts a schematic drawing of the operational flow for the duo on-

chip operational modes for the learning neurosynaptic core 800, including an
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inference mode (left side of FIG. 9) and a learning mode (right side of FIG. 9).
Accordingly, the architecture design provides the flexibility to configure the numbers
of learning neurons involved in every network learning process, from a low as a

single neuron to all of the neurons in the learning neurosynaptic core 800.

Neuron Circuit and Synapse Array

[0072] Both the neuron circuit block 810 and the synapse array block 820 may be
configured to mimic key aspects of the biological neurons and synapses behaviors in
the learning neurosynaptic core 800. FIG. 10 depicts a schematic drawing of the
neuron circuit block 810 and the synapse array block 820, illustrating their
architecture design, of the learning neurosynaptic core 800 according to various
example embodiments of the present invention. The neuron circuit block 810 and the
synapse array block 820 will now be described in further detail below according to
various example embodiments of the present invention.

[0073] The neuron circuit block 810 may comprise a circuitry with its core
computation in the neuron compartment that provides the integrate-and-fire (I&F)
dynamic functionality for the neurons. Typical choices are the spiking neuron models
with leak mechanism, such as adaptive exponential I&F model and leaky I&F (LIF)
model. The neuron circuit block 810 may further include driver mechanism in the
controller that controls the inputs and outputs which may be implemented as axons of
an axon block 812 (e.g., corresponding to the plurality of pre-synaptic elements 116
of the pre-synaptic block 112 as described hereinbefore according to various
embodiments) and neurons of a neuron block 814 (e.g., corresponding to the plurality
of post-synaptic elements 118 of the post-synaptic block 114 as described
hereinbefore according to various embodiments). The learning eligibility may be
extended to k numbers of neurons and may herein be referred to as learning-activated-
neurons.

[0074] The synapse array block 820 may comprise a crossbar array emulated with
electronic synapses at each cross-point. Each synapse may include (or has associated
therewith) two parameters, the weight and address (in the crossbar array) which may
be represented as synapse weight (e.g., corresponding to the synaptic weight
parameter as described hereinbefore according to various embodiments) and synapse
destination. According to various example embodiments, the crossbar array may be

implemented using a (j x i) x m crossbar memory, where j x i is the density of the
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learning neurosynaptic core 800, and m is the resolution of the synapses’ weights,

such as in number of bits.

Synaptic Trace Accumulator

[0075] The synaptic trace accumulator 830 may be configured to record the
activities of active synapses in both the input (pre-synaptic) and output (post-synaptic)
connections of the neuron circuit 810 on every global time step (Tgsync). In various
example embodiments, 7y, may refer to the time window when the sequence of the
synaptic activities have valid potentiation or depression effects. In various example
embodiments, the synaptic activities may be recorded in the form of spike traces
throughout the network learning process. FIG. 11 depicts a schematic drawing of the
synaptic trace accumulator 830 according to various example embodiments of the
present invention. The synaptic trace accumulator 830 for pre-synaptic activities (e.g.,
corresponding to the pre-synaptic event accumulator 132 as described hereinbefore
according to various embodiments) and for post-synaptic activities (e.g.,
corresponding to the post-synaptic event accumulator 138 as described hereinbefore
according to various embodiments) may be the same, except that an input thereto are
based on pre-synaptic activities and post-synaptic activities, respectively. The
synaptic trace accumulator 830 will now be described in further detail below
according to various example embodiments of the present invention.

[0076] A trace memory (e.g., corresponding to the pre-synaptic spike event
memory block 134 or the post-synaptic spike event memory block 140 as described
hereinbefore according to various embodiments) may be provided and configured as a
memory unit storage (such as flip flops or register files) used to record synaptic
activities and maintain the spike traces throughout the network learning process. In
various example embodiments, two independent units are provided for pre- and post-
synaptic activities and are termed as pre-traces and post-traces, respectively. In
various example embodiments, an allocation of i traces may be provided for all i
synapses at the input connection and an allocation of j traces may be provided for all j
synapses at the output connection in the neuron circuit 810.

[0077] A trace potentiation (e.g., corresponding to the pre-synaptic spike
parameter incrementor or the post-synaptic spike parameter incrementor as described
hereinbefore according to various embodiments) may be provided and configured as a

control unit that increments the traces by a trace constant value upon every pre- or
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post-synaptic activity in every time step Tesme. The trace constant may be a non-zero
positive integer with the magnitude less than the resolution of the traces. The value
may be programmed by an external processor upon system initialization or hard-
coded during implementation. The value may differ for different learning
applications.

[0078] A trace depression (e.g., corresponding to the pre-synaptic spike parameter
decrementor or the post-synaptic spike parameter decrementor as described
hereinbefore according to various embodiments) may be provided. In various example
embodiments, pre- and post-traces may persist until trace potentiation is enabled and
subsequently the magnitude may be decremented by a leak factor. This reduction
mechanism may be implemented with the same characteristic (e.g., activation time
and leak amount) as the leak mechanism in the neuron circuit 810. In various example
embodiments, the leak factor may be programmed by an external processor upon
system initialization or hard-coded during implementation.

[0079] In various example embodiments, the generated pre- and post-synaptic
traces may preferably fulfill the following criteria.

e Record the synaptic activities in a given time period without interfering the
neuron circuit 810 and the synapse array 820 computational activities.

¢ Both traces are independent units and they may be operated concurrently or
sequentially.

e The magnitude increments/potentiates upon every active synaptic activity
within the Tegyne and persist for a duration of time before it
decrements/depresses subsequently.

e The magnitude may need to be maintained within a given range, depending on
the resolution bits.

e The chosen resolution may affect the accuracy of the network learning process
and also may impact directly on the hardware resource consumption and

performance.

Delta Weight Accumulator
[0080] Apart from the spike traces (that records the synaptic spikes activities), the
synaptic weight changes may also be dependent on the sequence the synaptic spikes

activities. According to the STDP method according to various example

PCT/SG2020/050506



WO 2022/045961

10

15

20

25

32

embodiments, the synaptic weight is potentiated in the event of pre-synaptic spike
arrival preceding the post-synaptic spike in a valid time window (Tgenc). If the
temporal order is reversed, the synaptic weight is depressed. In this regard, a delta
weight accumulator 844 may be provided and configured to compute and to store the
weight change accumulation (synaptic weights’ potentiation and depression)
throughout the network learning process. FIG. 12 depicts a schematic drawing of the
delta weight accumulator 844 according to various example embodiments of the
present invention. In particular. FIG. 12 depicts the delta weight accumulator 844
being updated according to the synaptic activities’ record (traces).
[0081] A trace selector (e.g., corresponding to the synaptic spike event selector as
described hereinbefore according to various embodiments) may be provided and
configured as a control unit that is activated upon the event of the pre- and post-
synaptic spike to select pre- and post-traces, respectively.
[0082] A trace tuner (Ap/Am) may be provided and configured to fine-tune pre-
and post-traces values by A, and A,, parameters, respectively (e.g., corresponding to
the A: and A. parameters, respectively, in the above-mentioned Equations (2) to (4)).
The tuning rate, A, and A,,, may be programmed by an external processor upon system
initialization or hard-coded during implementation. The value may differ for different
learning applications. By way of an example only and without limitation, a possible
choice of A, and A,, are integers with their binary logarithm are also integer values.
[0083] A weight shifter (e.g., corresponding to the weight change parameter
modifier as described hereinbefore according to various embodiments) may be
provided and configured as an adjustment unit that updates the record of weight
change accumulation throughout the network learning process. The adjustment for
potentiation or depression may be driven by the trace selector.
[0084] A weight record block (e.g., corresponding to the weight change memory
block as described hereinbefore according to various embodiments) may be provided
and configured as a memory storage for storing the weight change accumulation with
the capacity of (j x i) x [ bits with (j x i) corresponds to the density of the
neurosynaptic core and [ > m with m is the resolution of the synapses’ weights.
[0085] In various example embodiments, the generated weight change
accumulation may preferably fulfill the following criteria.

e Updates within the time step (Tgsync) and in the event of synaptic spikes until

the end of the network learning process.
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e [ncrements in the event of the post-synaptic spike by the value from the trace
selector. Decrements in the event of the pre-synaptic spike by the value from
the trace selector.

e The magnitude may need to be maintained within a given range, depending on
its resolution bits.

¢ The resolution may affect the accuracy of the network learning process and
may also impact directly on the hardware resource consumption and
performance.

e The adjustment rate may be subjected to the parameters assigned in the trace

tuner (Ap/Am).

Error Modulator

[0086] FIG. 13 depicts a schematic drawing of the error modulator 850 for
supervised learning error with STDP according to various example embodiments of
the present invention. The error modulator 850 may be responsible to provide the
supervised learning error that is needed to modulate the STDP learning process. The
function is as depicted in FIG. 13. The error modulator 850 will now be described in
further detail below according to various example embodiments of the present
invention.

[0087] A spike history block (e.g., corresponding to the synaptic spike event
record block as described hereinbefore according to various embodiments) may be
provided and configure as a k-record unit that keeps an account of the total post-
synaptic spikes for all the k learning-activated-neurons throughout the network
learning process.

[0088] An error comparator (e.g., corresponding to the learning error determiner
as described hereinbefore according to various embodiments) may be provided and
configured as a computational unit that evaluates the learning-activated-neurons’
spiking record based on the statistic in a target (e.g., corresponding to the reference
parameter as described hereinbefore according to various embodiments). The
evaluation may be activated at any point throughout the network learning process,
which is indicated as FrameEnd (e.g., corresponding to the second trigger signal as
described hereinbefore according to various embodiments) in this description. Target

may be a form of statistical references that indicates the learning outcome of either
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being true class or false class. The references may be programmed by an external
processor upon system initialization or sent internally using controller circuit. The
value may differ for different learning applications.
[0089] A delta block (e.g., corresponding to the learning error evaluator as
described hereinbefore according to various embodiments) may be provided and
configured to generate a generalized learning outcome for the synaptic weight
changes based on the learning error determined by the error comparator.
[0090] In various example embodiments, the delta block may preferably fulfills
the following criteria.
® Generates upon activation and may be generated a single time or several times
throughout the network learning process.
e (Generates a generalized learning outcome that may indicate one of the three
possible actions: synaptic weight depression, maintain or potentiation.
¢ The outcome may consider all of the possible scenario combinations from
both the spike history block and the target.
[0091] Although the error modulator 850 for supervised learning error with STDP
based on a spike history block has been described above according to various example
embodiments, the present invention is not limited to such a specific learning error
technique and other learning error techniques may be implemented or employed as
desired or as appropriate without deviating from the scope of the present invention, as
long as an error modulated STDP learning is provided, that is, the STDP learning is
error modulated, such as but not limited to, based on a difference of instantaneous
firing rate of the output and desired rate, a spike train distance/similarity metric
between target and desired spike train, a probability estimate of output based on total

spike count, and so on.

Weight Update Scheduler

[0092] FIG. 14 depicts a schematic drawing of the weight update scheduler 860
for synaptic weights’ changes according to various example embodiments of the
present invention. In various example embodiments, the synaptic weight actual
change may be finalized based on the delta block and the weight record block. The
deduced synaptic weight changes may then lead to the value modification in the

synapse weight in the learning neurosynaptic core 800. The weight update scheduler

PCT/SG2020/050506



WO 2022/045961

10

15

20

25

35

860 will now be described in further detail below according to various example
embodiments of the present invention.

[0093] A memory controller may be provided and configured as a controller unit
that can be activated by the enablers such as FrameEnd or start signals. It can also be
activated a single time or several times throughout the network learning process. The
controller may have direct or indirect access to the synapse array block 820. For
example, the memory controller may be configured to be capable of performing
READ, UPDATE and WRITE operations over the synapse weight that corresponds to
the assigned synapse destination. For example, the READ/WRITE operations may be
performed by direct memory access or by Finite State Machine (FSM) or by
internal/external device programmer with dedicated interface.

[0094] A DELTAW block (e.g., corresponding to the weight change determiner
as described hereinbefore according to various embodiments) may be provided and
configured as a computational unit that calculates the actual or desired weight changes
in the above-mentioned UPDATE operation. In various embodiments, the decision (or
determination) is based on the relationship of the generalized learning outcome from
the DELTA block and the weight change accumulation from the weight record. The
relationship can be conditioned to suit the network’s performance and accuracy

requirement.

Operation and Timing Flow
[0095] By way of an example for illustration purpose only and without limitation,
an operation and a timing flow of the learning neurosynaptic core in SNN will now be
further described according to various example embodiments using a configuration
scenario as an example. The given configuration incorporated the communication
between the neuromorphic systems with an external processor. An external processor
(e.g., corresponding to the processor 404 as described hereinbefore according to
various embodiments) may be configured or responsible for sending the spikes inputs,
control signals and configuration settings to the neuromorphic system and may be
routed internally to the learning neurosynaptic core. These inputs, signals and settings
to the learning neurosynaptic core 800 will now be described below according to
various example embodiments of the present invention.

e Spikes: Main inputs to the learning neurosynaptic core 800 and are encoded in

the form of spikes.
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® Teome (€.g., corresponding to the first time step as described hereinbefore
according to various embodiments): An indicator of the time window when
the sequence of the synaptic activities have valid potentiation or depression
effects. It may be used to synchronize the learning pace of the synaptic trace
accumulator and the delta weight accumulator.

e FrameEnd (e.g., corresponding to the second trigger signal as described
hereinbefore according to various embodiments): An activation signal to the
error comparator and the memory controller. It may be sent at any time during
the learning operation.

e start: A signal (e.g., a third trigger signal) to activate the memory controller. It
can be sent at any time during the inference operation or learning operation.

e Target: Statistical references for the error comparator.

e Trace Constant: Incremental factor for the trace potentiation.

e Leak Factor. Decremental factor for component Trace Depression.

® Ap/Am. Tuning rate for components Trace Tuner (Ap) and Trace Tuner (Am).

[0096] In various example embodiments, the learning mechanism for the entire
SNN system may mainly be handled by the learming neurosynaptic core 800 and the
operation and timing flow are provided below with reference to FIG. 15, by way of an
example for illustration purpose only and without limitation. In particular, FIG. 15
depicts a schematic diagram illustrating an overview of an operation and timing flow
for on-chip learning in the learning neurosynaptic core 800.

[0097] Step 1: In every Tesne time step, the events of input (pre-synaptic) spikes
and output (post-synaptic) spikes (e.g., corresponding to the first pre-synaptic spike
event input or the first post-synaptic spike event input, respectively, as described
hereinbefore according to various embodiments) may drive the synaptic trace
accumulator 830. In other words, the trace memory for both pre- and post-synaptic
spikes may be updated independently. At the same time, the spike history block in the
error modulator 850 may record the number of post-synaptic spikes from all the
learning activated-neurons.

[0098] Step 2: In the event of synaptic spike (within Tgsync), the trace memory may
be updated based on the trace potentiation block and the trace depression block.
[0099] Step 3: If no synaptic spike (within Tggmc), the trace memory may be

updated based on the trace depression block.
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[00100] Step 4: In every Ty time step, the event of synaptic spikes may also
drive the delta weight accumulator 844 and at the completion of the synaptic trace
accumulator 830. It will be appreciated by a person skilled in the art that, for example,
steps 1-3 may be executed sequentially or concurrently.

[00101] Step 5: The event of the post-synaptic spike (within Tegnc) (€.,
corresponding to the second post-synaptic spike event input as described hereinbefore
according to various embodiments) may enable the trace selector and the trace
selector may retrieve the fine-tuned pre-trace values from the trace tuner (Ap).

[00102] Step 6: Following from Step 5, the weight change accumulation values in
the weight record block may be adjusted by the weight shifter.

[00103] Step 7: the event of the pre-synaptic spike (within Teene) (€.,
corresponding to the second pre-synaptic spike event input as described hereinbefore
according to various embodiments) may enable the trace selector and the trace
selector may retrieve the fine-tuned post-trace values from the Trace Tuner (Am).
[00104] Step 8: Following from Step 7, the weight change accumulation values in
the weight record may be adjusted by the weight shifter.

[00105] Step 9: Steps 5 - 6 and Steps 7 - 8 may be executed in the reverse order
and in consecutive manner.

[00106] In various example embodiments, Steps 1 - 8 may be executed in every
Tesyne time step. Both the synaptic trace accumulator and the delta weight accumulator
may remain active until the end of the learning process and an example overview of
their internal activities is as illustrated in FIG. 16. In particular, FIG. 16 depicts an
internal activity graph in the synaptic trace accumulator and the delta weight
accumulator, according to various example embodiments of the present invention. By
way of an example only and without limitation, in the event of spike (pre-synaptic or
post synaptic), its corresponding trace (pre- or post) may be potentiated with a certain
constant and the trace may leak gradually over the time. Within every global time step
(Tgsync), the event of post-synaptic spike may contribute to an increment of weight
record by the amount of pre-trace at that particular time. Likewise, within every
global time (Tgsync), the event of pre-synaptic spike may lead to a decrement of
weight record by the amount of the post-trace at that particular time. The spike history
may keep a record of the total of post-synaptic spike events over the time.

[00107] Step 10: Control signal FrameEnd activates the error comparator that in

turn, drives the DELTA block. For every learning-activated-neuron, the recorded
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value in the spike history block may be evaluated with the corresponding Target
value.

[00108] Step 11: the DELTAW block may calculate the actual weight changes
based on the generalized learning outcome from the DELTA block and the weight
change accumulation from the weight record block.

[00109] Step 12: the control signals FrameEnd and/or start activates the memory
controller. The weight update scheduler 860 may access and update the synapse
weights in the synapse array 820.

[00110] Accordingly, a neurosynaptic core design with error modulated STDP
learning method (or leaming rule) and its operational method have been described
according to various example embodiments. The neuromorphic SNN system
comprising the neurosynaptic core(s) 800 according to various example embodiments
have a number of advantages. First, the learning neurosynaptic core 800 is adaptable
to SNN operation modes (learning and inference) with homogeneous or
heterogeneous network configurations. Second, the learning mechanism works with
scalable SNN architectures, such that it requires very few learning neurosynaptic
cores to perform effective on-chip learning. Third, the learning neurosynaptic core is
flexible with a configurable number of learning neurons and is therefore feasible for
various applications. Therefore, the learning neurosynaptic core 800 is a robust and
hardware efficient solution for continual learning in SNN as compared to the
conventional SNN neuromorphic based on STDP learning method.

[00111] By way of an example for illustration purpose only and without limitation,
FIG. 17 depicts a schematic drawing of heterogeneous SNN (3x3) neurosynaptic
cores 1700 with on-chip learning in a single learning neurosynaptic core 800 as the
last layer of the SNN, according to various example embodiments of the present
invention. In the example heterogeneous SNN neurosynaptic core configuration, for
example, the non-learning neurosynaptic cores 1704 may each perform inference
while the learning neurosynaptic core 800 with on-chip learning may perform both
STDP learning and inference. In various example embodiments, the learning
neurosynaptic core 800 with on-chip learning may be configured to compute/function
in the same or similar manner as the non-learning neurosynaptic cores 1704 but with
the additional ability to perform STDP learning/training on-the-fly when needed or
desired. Accordingly, as shown, the neurosynaptic core architecture design with error

modulated STDP works with scalable neuromorphic SNN system and adaptable with
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homogeneous and heterogeneous network configurations, as well as supporting
configurable numbers of learning neurosynaptic cores in order to accommodate
various applications’ requirements. In this regard, by way of an example for
illustration purpose only and without limitation, FIG. 18 depicts a schematic drawing
of the configurable numbers of the neurons (post-synaptic neurons) in the learning
neurosynaptic core 800, and in particular, the neuron circuit 810 of the learning
neurosynaptic core 800. In FIG. 18, according to various example embodiments, the
axons (or axon block) correspond to the pre-synaptic block 112 which correspond to
output spikes from neurons of one or more previous neurosynaptic cores (e.g., may be
learning and/or non-learning neurosynaptic cores). For example, the axons may be
perceived as or correspond to an input to the learning neurosynaptic core 800 or the
neuron circuit 810. Meanwhile, the neurons (or neuron block) correspond to the post-
synaptic block 114 and may be perceived as or correspond to an output function of the
learning neurosynaptic core 800, where in the example shown in FIG. 18, the number
of neurons may be configured to suit or accommodate various applications as
appropriate or as desired. By way of an example only and without limitation, for
MNIST handwritten digit (e.g., including 10 labels), a total of 10 neurons (out of 16
neurons) may be activated.

[00112] While embodiments of the invention have been particularly shown and
described with reference to specific embodiments, it should be understood by those
skilled in the art that various changes in form and detail may be made therein without
departing from the spirit and scope of the invention as defined by the appended
claims. The scope of the invention is thus indicated by the appended claims and all
changes which come within the meaning and range of equivalency of the claims are

therefore intended to be embraced.
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CLAIMS

What is claimed is:

1. A neurosynaptic processing core with spike time dependent plasticity (STDP)
learning for a spiking neural network, the neurosynaptic processing core comprising;:

a spiking neuron block comprising a pre-synaptic block and a post-synaptic
block, the pre-synaptic block comprising a plurality of pre-synaptic elements and the
post-synaptic block comprising a plurality of post-synaptic elements;

a synapse block communicatively coupled to the spiking neuron block, the
synapse block comprising a plurality of synaptic weight parameters, each synaptic
weight parameter corresponding to a neuron pair comprising a pre-synaptic element
of the plurality of pre-synaptic elements and a post-synaptic element of the plurality
of post-synaptic elements;

a STDP learning block communicatively coupled to the spiking neuron block
and the synapse block, the STDP learning block comprising:

a pre-synaptic event accumulator comprising:

a pre-synaptic spike event memory block comprising a plurality of pre-
synaptic spike parameters corresponding to the plurality of pre-synaptic
elements, respectively, each pre-synaptic spike parameter indicating a measure
of one or more pre-synaptic spike events at the corresponding pre-synaptic
element; and

a pre-synaptic spike parameter modifier configured to modify a pre-
synaptic spike parameter of the plurality of pre-synaptic spike parameters
based on a first pre-synaptic spike event input from the pre-synaptic block
indicating a pre-synaptic spike event at the corresponding pre-synaptic
element;

a post-synaptic event accumulator comprising:

a post-synaptic spike event memory block comprising a plurality of
post-synaptic spike parameters corresponding to the plurality of post-synaptic
elements, respectively, each post-synaptic spike parameter indicating a
measure of one or more post-synaptic spike events at the corresponding post-

synaptic element; and
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a post-synaptic spike parameter modifier configured to modify a post-
synaptic spike parameter of the plurality of post-synaptic spike parameters
based on a first post-synaptic spike event input from the post-synaptic block
indicating a post-synaptic spike event at the corresponding post-synaptic
element; and
a weight change accumulator comprising;:

a weight change memory block comprising a plurality of weight
change parameters corresponding to the plurality of synaptic weight
parameters, respectively; and

a weight change parameter modifier configured to modify a weight
change parameter of the plurality of weight change parameters based a pre-
synaptic spike parameter of the plurality of pre-synaptic spike parameters
corresponding to the weight change parameter or a post-synaptic spike
parameter of the plurality of post-synaptic spike parameters corresponding to
the weight change parameter;

a learning error modulator configured to determine a plurality of learning
errors associated with the STDP learning block for the plurality of synaptic weight
parameters, respectively; and

a synaptic weight modifier communicatively coupled to the STDP learning
block, the learning error modulator and the synapse block, the synaptic weight
modifier being configured to modify a synaptic weight parameter of the plurality of
synaptic weight parameters based on a weight change parameter of the plurality of
weight change parameters corresponding to the synaptic weight parameter and a
learning error of the plurality of learning errors corresponding to the synaptic weight

parameter.

2. The neurosynaptic processing core according to claim 1, wherein the synapse
block comprises a plurality of synapse elements, each synapse element comprising a
synaptic weight parameter of the plurality of synaptic weight parameters
corresponding thereto and corresponds to the neuron pair corresponding to the

synaptic weight parameter.
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3. The neurosynaptic processing core according to claim 2, wherein the plurality
of synapse elements are configured as a crossbar memory array, each synapse element

being arranged at a corresponding cross-point of crossbar memory array.

4. The neurosynaptic processing core according to claim 1, wherein

the pre-synaptic spike parameter modifier comprises a pre-synaptic spike
parameter incrementor configured to increment the pre-synaptic spike parameter
based on the first pre-synaptic spike event input received from the pre-synaptic block,
and

the post-synaptic spike parameter modifier comprises a post-synaptic spike
parameter incrementor configured to increment the post-synaptic spike parameter
based on the first post-synaptic spike event input received from the post-synaptic

block.

5. The neurosynaptic processing core according to claim 4, wherein

the pre-synaptic spike parameter modifier further comprises a pre-synaptic
spike parameter decrementor configured to decrement the pre-synaptic spike
parameter, and

the post-synaptic spike parameter modifier further comprises a post-synaptic
spike parameter decrementor configured to decrement the post-synaptic spike

parameter.

6. The neurosynaptic processing core according to claim 5, wherein

said each pre-synaptic spike parameter indicates a pre-synaptic trace of the
one or more pre-synaptic spike events at the corresponding pre-synaptic element,

the pre-synaptic spike parameter incrementor is configured to increment the
pre-synaptic spike parameter based on a first incremental value,

the pre-synaptic spike parameter decrementor is configured to decrement the
pre-synaptic spike parameter based on a first decremental value,

said each post-synaptic spike parameter indicates a post-synaptic trace of the
one or more post-synaptic spike events at the corresponding post-synaptic element,

the post-synaptic spike parameter incrementor is configured to increment the

post-synaptic spike parameter based on a second incremental value, and
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the post-synaptic spike parameter decrementor is configured to decrement the

post-synaptic spike parameter based on a second decremental value.

7. The neurosynaptic processing core according to claim 4, wherein the weight
change accumulator further comprises a synaptic spike event selector configured to
select the pre-synaptic spike parameter from the pre-synaptic spike event memory
block for output to the weight change parameter modifier based on a second post-
synaptic spike event input from the post-synaptic block indicating the post-synaptic
spike event at the corresponding post-synaptic element or select the post-synaptic
spike parameter from the post-synaptic spike event memory block for output to the
weight change parameter modifier based on a second pre-synaptic spike event input
from the pre-synaptic block indicating the pre-synaptic spike event at the

corresponding post-synaptic element.

8. The neurosynaptic processing core according to claim 7, wherein the weight
change parameter modifier is configured to increment the weight change parameter
based on the pre-synaptic spike parameter received from the synaptic spike event
selector or decrement the weight change parameter based on the post-synaptic spike

parameter received from the synaptic spike event selector.

9. The neurosynaptic processing core according to claim 1, wherein
the learning error modulator comprises:

a learning error determiner configured to determine the plurality of
learning errors for the plurality of synaptic weight parameters, respectively;
and

a learning error evaluator configured to determine a learning error
outcome for the synaptic weight parameter based on a learning error of the
plurality of learning errors corresponding to the synaptic weight parameter,
and
the synaptic weight modifier is configured to modify the synaptic weight

parameter of the plurality of synaptic weight parameters based on the weight change
parameter received from the weight change accumulator corresponding to the synaptic
weight parameter and the learning error outcome received from the learning error

modulator corresponding to the synaptic weight parameter.
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10.  The neurosynaptic processing core according to claim 9, wherein

the learning error modulator further comprises a synaptic spike event record
block comprising a plurality of post-synaptic spike event record parameters for the
plurality of post-synaptic elements, respectively, each post-synaptic spike event
record parameter indicating a number of post-synaptic spike events that occurred at
the corresponding post-synaptic element, and

the learning error determiner is configured to determine, for each of the
plurality of synaptic weight parameters, the learning error for the synaptic weight
parameter based on the post-synaptic spike event record parameter for the post-
synaptic element corresponding to the synaptic weight parameter and a reference
parameter for the post-synaptic element corresponding to the synaptic weight

parameter.

11. The neurosynaptic processing core according to claim 1, wherein the synaptic
weight modifier comprises a weight change determiner configured to determine a
second weight change parameter for modifying the synaptic weight parameter based
on the first weight change parameter received from the weight change accumulator
corresponding to the synaptic weight parameter and the learning error outcome
received from the learning error modulator corresponding to the synaptic weight

parameter.

12. The neurosynaptic processing core according to claim 7, wherein

the pre-synaptic event accumulator, the post-synaptic event accumulator and
the weight change accumulator are each configured to be triggered based on a first
trigger signal associated with a first time step iteratively during the STDP learning,
and

the learning error modulator and the synaptic weight modifier are each

configured to be triggered based on a second trigger signal.

13.  The neurosynaptic processing core according to claim 12, wherein
the pre-synaptic spike parameter incrementor of the pre-synaptic event
accumulator is configured to be triggered based on the first trigger signal to receive

the first pre-synaptic spike event input from the pre-synaptic block so as to increment
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the pre-synaptic spike parameter based on the first pre-synaptic spike event input
received,

the post-synaptic spike parameter incrementor of the post-synaptic event
accumulator is configured to be triggered based on the first trigger signal to receive
the first post-synaptic spike event input from the post-synaptic block so as to
increment the post-synaptic spike parameter based on the first post-synaptic spike
event input received,

the synaptic spike event selector of the weight change accumulator is
configured to be triggered based on the first trigger signal to receive the second pre-
synaptic spike event input from the pre-synaptic block so as to select the post-synaptic
spike parameter from the post-synaptic spike event memory block for output to the
weight change parameter modifier based on the second pre-synaptic spike event input
received or to receive the second post-synaptic spike event input from the post-
synaptic block so as to select the pre-synaptic spike parameter from the pre-synaptic
spike event memory block for output to the weight change parameter modifier based

on the second post-synaptic spike event input received.

14. The neurosynaptic processing core according to claim 1, wherein one or more
of the plurality of post-synaptic elements corresponds to one or more spiking neurons

in a layer of the spiking neural network.

15. The neurosynaptic processing core according to claim 1, wherein the layer is

an output layer of the spiking neural network.

16. A method of operating a neurosynaptic processing core with spike time
dependent plasticity (STDP) learning for a spiking neural network,

the neurosynaptic processing core comprising;

a spiking neuron block comprising a pre-synaptic block and a post-synaptic
block, the pre-synaptic block comprising a plurality of pre-synaptic elements and the
post-synaptic block comprising a plurality of post-synaptic elements;

a synapse block communicatively coupled to the spiking neuron block, the
synapse block comprising a plurality of synaptic weight parameters, each synaptic

weight parameter corresponding to a neuron pair comprising a pre-synaptic element
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of the plurality of pre-synaptic elements and a post-synaptic element of the plurality
of post-synaptic elements;
a STDP learning block communicatively coupled to the spiking neuron block

and the synapse block, the STDP learning block comprising:
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a pre-synaptic event accumulator comprising:

a pre-synaptic spike event memory block comprising a plurality of pre-
synaptic spike parameters corresponding to the plurality of pre-synaptic
elements, respectively, each pre-synaptic spike parameter indicating a measure
of one or more pre-synaptic spike events at the corresponding pre-synaptic
element; and

a pre-synaptic spike parameter modifier configured to modify a pre-
synaptic spike parameter of the plurality of pre-synaptic spike parameters
based on a first pre-synaptic spike event input from the pre-synaptic block
indicating a pre-synaptic spike event at the corresponding pre-synaptic
element;

a post-synaptic event accumulator comprising:

a post-synaptic spike event memory block comprising a plurality of
post-synaptic spike parameters corresponding to the plurality of post-synaptic
elements, respectively, each post-synaptic spike parameter indicating a
measure of one or more post-synaptic spike events at the corresponding post-
synaptic element; and

a post-synaptic spike parameter modifier configured to modify a post-
synaptic spike parameter of the plurality of post-synaptic spike parameters
based on a first post-synaptic spike event input from the post-synaptic block
indicating a post-synaptic spike event at the corresponding post-synaptic
element; and
a weight change accumulator comprising:

a weight change memory block comprising a plurality of weight
change parameters corresponding to the plurality of synaptic weight
parameters, respectively; and

a weight change parameter modifier configured to modify a weight
change parameter of the plurality of weight change parameters based a pre-
synaptic spike parameter of the plurality of pre-synaptic spike parameters

corresponding to the weight change parameter or a post-synaptic spike
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parameter of the plurality of post-synaptic spike parameters corresponding to

the weight change parameter;

a learning error modulator configured to determine a plurality of learning
errors associated with the STDP learning block for the plurality of synaptic weight
parameters, respectively; and

a synaptic weight modifier communicatively coupled to the STDP learning
block, the learning error modulator and the synapse block, the synaptic weight
modifier being configured to modify a synaptic weight parameter of the plurality of
synaptic weight parameters based on a weight change parameter of the plurality of
weight change parameters corresponding to the synaptic weight parameter and a
learning error of the plurality of learning errors corresponding to the synaptic weight
parameter, and

the method comprising:

triggering the pre-synaptic event accumulator, the post-synaptic event
accumulator and the weight change accumulator based on a first trigger signal
associated with a first time step iteratively during the STDP learning; and

triggering the learning error modulator and the synaptic weight modifier based

on a second trigger signal.

17.  The method according to claim 16, wherein

the pre-synaptic spike parameter modifier comprises a pre-synaptic spike
parameter incrementor configured to increment the pre-synaptic spike parameter
based on the first pre-synaptic spike event input received from the pre-synaptic block,

the post-synaptic spike parameter modifier comprises a post-synaptic spike
parameter incrementor configured to increment the post-synaptic spike parameter
based on the first post-synaptic spike event input received from the post-synaptic
block, and

the weight change accumulator comprises a synaptic spike event selector
configured to select the pre-synaptic spike parameter from the pre-synaptic spike
event memory block for output to the weight change parameter modifier based on a
second post-synaptic spike event input from the post-synaptic block indicating the
post-synaptic spike event at the corresponding pre-synaptic element or select the post-
synaptic spike parameter from the post-synaptic spike event memory block for output

to the weight change parameter modifier based on a second pre-synaptic spike event
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input from the pre-synaptic block indicating the pre-synaptic spike event at the
corresponding post-synaptic element,

said triggering the pre-synaptic event accumulator comprises triggering the
pre-synaptic spike parameter incrementor of the pre-synaptic event accumulator based
on the first trigger signal to receive the first pre-synaptic spike event input from the
pre-synaptic block so as to increment the pre-synaptic spike parameter based on the
first pre-synaptic spike event input received,

said triggering the post-synaptic event accumulator comprises triggering the
post-synaptic spike parameter incrementor of the post-synaptic event accumulator
based on the first trigger signal to receive the first post-synaptic spike event input
from the post-synaptic block so as to increment the post-synaptic spike parameter
based on the first post-synaptic spike event input received, and

said triggering the weight change accumulator comprises triggering the
synaptic spike event selector of the weight change accumulator based on the first
trigger signal to receive the second pre-synaptic spike event input from the pre-
synaptic block so as to select the post-synaptic spike parameter from the post-synaptic
spike event memory block for output to the weight change parameter modifier based
on the second post-synaptic spike event input received or to receive the second post-
synaptic spike event input from the post-synaptic block so as to select the pre-synaptic
spike parameter from the pre-synaptic spike event memory block for output to the
weight change parameter modifier based on the second pre-synaptic spike event input

received.

18.  The method according to claim 17, wherein
the learning error modulator comprises:

a learning error determiner configured to determine the plurality of
learning errors for the plurality of synaptic weight parameters, respectively;

a learning error evaluator configured to determine a learning error
outcome for the synaptic weight parameter based on a learning error of the
plurality of learning errors corresponding to the synaptic weight parameter;
and

a synaptic spike event record block comprising a plurality of post-
synaptic spike event record parameters for the plurality of post-synaptic

elements, respectively, each post-synaptic spike event record parameter
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indicating a number of post-synaptic spike events that occurred at the

corresponding post-synaptic element, and

said triggering the learning error modulator comprising triggering the learning
error determiner of the learning error modulator based on the second trigger signal to
determine the plurality of learning errors for the plurality of synaptic weight
parameters, respectively, the learning error determiner being configured to determine,
for each of the plurality of synaptic weight parameters, the learning error for the
synaptic weight parameter based on the post-synaptic spike event record parameter
for the post-synaptic element corresponding to the synaptic weight parameter and a
reference parameter for the post-synaptic element corresponding to the synaptic

weight parameter.

19. The method according to claim 18, wherein

wherein the synaptic weight modifier comprises a weight change determiner
configured to determine a second weight change parameter for modifying the synaptic
weight parameter based on the first weight change parameter received from the
weight change accumulator corresponding to the synaptic weight parameter and the
learning error outcome received from the learning error modulator corresponding to
the synaptic weight parameter, and

said triggering the synaptic weight modifier comprises triggering the synaptic
weight modifier based on the second trigger signal to modify the synaptic weight
parameter based on the first weight change parameter received from the weight
change accumulator corresponding to the synaptic weight parameter and the learning
error outcome received from the learning error modulator corresponding to the

synaptic weight parameter.

20. A method of forming a neurosynaptic processing core with spike time
dependent plasticity (STDP) learning for a spiking neural network, the method
comprising:

forming a spiking neuron block comprising a pre-synaptic block and a post-
synaptic block, the pre-synaptic block comprising a plurality of pre-synaptic elements
and the post-synaptic block comprising a plurality of post-synaptic elements;

forming a synapse block communicatively coupled to the spiking neuron

block, the synapse block comprising a plurality of synaptic weight parameters, each
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synaptic weight parameter corresponding to a neuron pair comprising a pre-synaptic
element of the plurality of pre-synaptic elements and a post-synaptic element of the
plurality of post-synaptic elements;

forming a STDP learning block communicatively coupled to the spiking
neuron block and the synapse block, the STDP learning block comprising:

a pre-synaptic event accumulator comprising:

a pre-synaptic spike event memory block comprising a plurality of pre-
synaptic spike parameters corresponding to the plurality of pre-synaptic
elements, respectively, each pre-synaptic spike parameter indicating a measure
of one or more pre-synaptic spike events at the corresponding pre-synaptic
element; and

a pre-synaptic spike parameter modifier configured to modify a pre-
synaptic spike parameter of the plurality of pre-synaptic spike parameters
based on a first pre-synaptic spike event input from the pre-synaptic block
indicating a pre-synaptic spike event at the corresponding pre-synaptic
element;

a post-synaptic event accumulator comprising:

a post-synaptic spike event memory block comprising a plurality of
post-synaptic spike parameters corresponding to the plurality of post-synaptic
elements, respectively, each post-synaptic spike parameter indicating a
measure of one or more post-synaptic spike events at the corresponding post-
synaptic element; and

a post-synaptic spike parameter modifier configured to modify a post-
synaptic spike parameter of the plurality of post-synaptic spike parameters
based on a first post-synaptic spike event input from the post-synaptic block
indicating a post-synaptic spike event at the corresponding post-synaptic
element; and
a weight change accumulator comprising:

a weight change memory block comprising a plurality of weight
change parameters corresponding to the plurality of synaptic weight
parameters, respectively; and

a weight change parameter modifier configured to modify a weight
change parameter of the plurality of weight change parameters based a pre-

synaptic spike parameter of the plurality of pre-synaptic spike parameters
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corresponding to the weight change parameter or a post-synaptic spike
parameter of the plurality of post-synaptic spike parameters corresponding to
the weight change parameter;
forming a learning error modulator configured to determine a plurality of
5 learning errors associated with the STDP learning block for the plurality of synaptic
weight parameters, respectively; and
forming a synaptic weight modifier communicatively coupled to the STDP
learning block, the learning error modulator and the synapse block, the synaptic
weight modifier being configured to modify a synaptic weight parameter of the
10 plurality of synaptic weight parameters based on a weight change parameter of the
plurality of weight change parameters corresponding to the synaptic weight parameter
and a learning error of the plurality of learning errors corresponding to the synaptic

weight parameter.
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