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Abstract

Neuromorphic systems have been developed with the aim of mimicking biological sys-
tems in terms of functionality and processing efficiency. Spiking neural networks (SNNs)
are widely used as the computing model for the neuromorphic system. The neurons in
the SNN communicate using spikes, which allows the SNN to be efficiently implemented
on hardware. In addition, the SNNs are based on the spiking neuron, a dynamical neu-
ron that extracts temporal features at the neuron level.

On the other hand, the dynamicity of the spiking neuron is implemented using
one or more state variables, which introduces a serious memory overhead in terms of
memory operations (read/write), runtime memory requirement, and the utilization of
hierarchical hardware memory. This memory overhead degrades the SNNs’ processing
efficiency and increases their hardware cost. In other words, the memory overhead at the
neuron level offsets the computational benefits gained from the spiking communication
between neurons at the network level. This memory overhead problem has not been
deeply addressed in the field of neuromorphic computing, as the SNNs are still not at
large scale compared to the developed neuromorphic hardware.

This dissertation aims to address the memory overhead in SNNs to increase their
processing efficiency and decrease their hardware cost. The adopted research method
focuses mainly on the algorithmic level, that is, on the design of neural network ar-
chitectures. The design of the neural network architecture is constrained by two main
metrics: (1) maintaining the accuracy of the Al task while (2) optimizing their memory
efficiency when running on a hardware platform.

All proposed solutions narrow the dataflow of the SNN’s computation, which re-
duces the memory overhead. The research carried out in this dissertation has resulted
in four main contributions. The first two contributions are based on the idea of spe-
cialization, which is an adopted concept from conventional artificial neural networks
(ANNS). Specialization helps to reduce memory overhead when deployed in SNNs. The
next two contributions utilize the inherent dynamicity of the spiking neuron to reduce
the runtime memory requirement and improve the utilization of hierarchical hardware
memory.

The proposed solutions allow the SNNs to be more efficient in terms of memory,
and hence in terms of the processing efficiency and cost. Task specialization improves
the energy and latency of the SNNs inference by at least 10x. Per layer specialization
eliminates the training burden of the task specialization approach, while improving the
processing efficiency (in terms of latency) by up to 3x. The temporal dynamics of the
spiking neuron were analyzed in terms of feature extraction, especially for images. The

il



temporal dynamics of biologically-plausible spiking neurons were exploited to process
a whole image using a single spiking neuron. This approach allows for reducing the
memory requirement of a convolutional SNN by at least 4x, and optimizes the processing
efficiency of the SNN based on the available hardware memory.

The approaches and network architectures proposed in this dissertation emphasize
the importance of memory in the design of SNNs, increases the processing efficiency of
the SNNs, reduces the hardware cost that implements the SNNs, and opens the ground
for a new set of application-specific solutions that exploit the temporal dynamics of the
spiking neuron.
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Chapter 1

Introduction

1.1 Neuromorphics: Efficient AI systems

Artificial neural networks (ANNs) have been successful in achieving outperforming ac-
curacy for complex intelligence tasks, such as computer vision [108], [45], speech recogni-
tion [68, 86], machine translation [16], [15], general-purpose AT [119] 28, 127, 44]. On the
other hand, this outperforming accuracy is achieved at the expense of high computa-
tional and memory requirements [106], 107, I8]. The huge computational and memory
requirements prevent large-scale ANNs from being deployed in modern applications
that rely on resource-constrained computing systems. One extreme example is to de-
ploy a deep ANN on a batteryless microcontroller with a response in real-time [31].
This example shows a sharp contrast between the requirements of a deep ANN and the
constrains from the host computing system and the emerging applications.

Neuromorphic computing aims to improve the processing efficiency of Al systems
by proposing brain-inspired solutions across the computer design stack, ranging from
the neural network [95] 50|, to the neuron model neuron [41], 11, [77], to the hardware
architecture [211, 8Tl 32, 33|, and even to the circuit and device levels [71], 40| [74] [69]
(as in Fig. . The motivation behind this idea is that the brain has the property of
solving intelligence tasks with high accuracy while consuming a low level of energy and
power.

To gain insight into how brain-inspired designs can be computationally efficient, let
us look at the spiking neural networks (SNNs); the computational model of the neu-
romorphic system. SNNs are neural networks that use a biologically inspired neuron
known as the spiking neuron. The spiking neuron quantizes its output into either ‘1’

(spike) or ‘0’ (no spike): (1) This improves the communication overhead as neurons

1



1.1. Neuromorphics: Efficient Al systems

Neural
Network
Architecture

Figure 1.1: The ideal neuromorphic system is engineered across all computing levels

only need a single bit to communicate between themselves, (2) it improves the compu-
tational complexity as the multiply-and-accumulate (MAC) operation can be replaced
by the accumulate operation (AC), and (3) it also reduces the memory overhead as
neuron’s outputs can be represented only by one bit. In addition, the spiking neuron
is a dynamical dynamical, i.e., it has state variable(s) that allows the neuron to record
the temporal history of the input. This makes the spiking neuron capable of capturing
spatio-temporal patterns at the neuron level, allowing feedforward SNNs to achieve out-
performing accuracy in spatio-temporal applications without recurrent connections at
the network level [97]. The SNN potentials show how the neuromorphic system (from
the neural network level) can be a potential approach for implementing Al tasks with

outperforming accuracy, while still requiring a smaller energy and power budget.

This dissertation focuses on the algorithmic level of the neuromorphic engineering
stack as highlighted in Fig. We aim to develop the SNNs used in well-defined
AT tasks, mainly in image classification, while maintaining an optimum energy, latency
and cost. However, there are some intrinsic properties in the SNNs that may degrade

their processing efficiency. This is discussed in the next subsection.
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Application
(e.g., dynamic vision [83] &, [52, [37], edge intelligence [92] 93, 122],
medical systems [1, [80])

Algorithm
(e.g., network [95], 50] , neuron [41], 11}, [77], synapse [7],
learning [12} 58|, encoding [5])

System Software
(e.g.: Lava [102], LCompiler [63],
SentryOS [111], Corelet [4] )

Hardware Architecture
(e.g., Loihi [21], BrainScaleS [81], SpiNNaker |29, 32],
DYNAPs [71], TEXEL [33])

Circuits
(e.g., analog |71, 109, 40, 65], digital [67, 21],32], )

Device
(e.g., transistor [71], 109, 40} [65], memristive device |74l 69, 90, [54, [70])

Technology
(e.g., CMOS [65], ferroelectric [69], phase change [10])

Figure 1.2: Examples of neuromorphic designs across the different abstraction levels of
the design stack. This dissertation focuses on neural network designs that are oriented
for efficient memory usage.



1.2. Research Problem

1.2 Research Problem

In neuromorphic engineering, the design of the neural network is not isolated from
considering requirements from the other levels of the design stack shown in Fig[I.2] This
is essential to meet two critical requirements that features the neuromorphic system:
implementing an Al task at (1) high accuracy and (2) low power and latency. For
example, one can extend the applicability of SNNs by naively scaling the width and
depth of the network architecture. However, the design of an SNN at the algorithmic
level is constrained to not increase the power or the latency compared to an ANN

designed for the same Al task.

Most of the work in SNN inherits well-established concepts from machine learning
(ML) to train ANNs. On the one hand, this allows the SNN to be applied in many
applications such as computer vison [103, 37, 121, [35], speech and audio recognition
[115, 116l 23| 117], and other applications [118] [6, 110, 46]. On the other hand, most
of these works do not consider the dynamical differences between SNN and ANN, lead-
ing to inefficient SNN architectures in terms of latency and power, and surprisingly
less efficient than (or at least as efficient as) an ANN of same network architecture
implemented on the same computing platform [20]. Even though SNNs are efficient at
the network level, they are dynamic and hence complex at the neuron level. In other
words, an SNN operates in multiple time steps, where in every step the whole SNN is
executed. In addition, every neuron in the SNN has at least one state variable that
is kept in memory and updated at every time step. Therefore, naively designing the
neural architecture of the SNN results in huge memory overhead. This can be clearly
seen when comparing the software implementation of an ANN to an SNN. For example,
in ANN of three fully connected layers, the outputs and activations of the first layer are
completely evicted from memory once the outputs of the second layer are computed.
The same applies to the outputs and activations of the second layer. For an SNN of
the same depth, the state variable of every neuron is maintained in memory for all time
steps during the execution of any layer. This means that the runtime memory required
for the SNN in this neural architecture is at least 3x more than the ANN.

The increased memory overhead of the SNN imposes challenges to design neuromor-
phic systems that implement an Al task at high accuracy with low power and latency.
The memory overhead affects almost all hardware architectures that host a scaled SNN.
In neuromorphic systems that rely on von Neumann architectures (e.g., implementing
an SNN on software), the additional state variables cause the number of memory ac-

cesses to increase (memory read/write operations), which significantly affect the power

4



Chapter 1. Introduction

and latency. In addition, the increased runtime memory causes a poor utilization of the
hierarchical memory, and hence forces more accesses to larger inefficient memories in
the memory hierarchy. Similar problems also appear in digital neuromorphic hardware
(such as Loihi [21], TrueNorth [2] and uBrain [104]). The large number of neurons in
a scaled SNN requires a large number of specialized cores that internally have volatile
memory units to keep synaptic weights and neuron’s state variables. Therefore, due to
the volatility of these memories, this increases the runtime power. In practice, scaled
digital hardware platforms, such as intel Hala Point [17] that relies on Intel Loihi chips
[21], has a high cost, which is difficult to deploy on resource-constrained computing
systems. This cost can be reduced if the computation and their corresponding mem-
ory are queued in an external memory system (such as DRAM or FLASH memory).
However, this results in power and latency problems similar to those in von Neumann
architectures. In analog neuromorphic systems, the memory overhead of SNNs makes
their deployment challenging. Analog neuromorphic hardware (such as DYNAP [71]
and TEXEL [33]) has a large neuron area compared to digital hardware. This makes de-
signing an analog neuromorphic hardware that is in the same scale as deep SNNs costly.
Therefore, implementing a large scale SNN on the state-of-the-art analog neuromorphic
hardware requires queuing computations in an external memory system, resulting in
similar power and latency problems as in the digital hardware architectures. Therefore,
there is a contradicting relationship between the SNNs (neuromorphic system at the
algorithmic level) and the host hardware architectures (neuromorphic system at the
hardware level). This presents a problem that opposes the main motivation of neuro-
morphic systems that aims at emulating the biological systems in terms of, both, Al

tasks accuracy and processing efficiency.

To address the outlined problem, we need to propose spiking neural networks that
align with two main features: high accuracy and efficient processing. In addition, we
need to propose solutions that align with the current state of the neuromorphic hardware
to support the progress in the field of neuromorphic engineering. On the other hand,
neuromorphic hardware is not yet mature for development of scaled SNN and complex
applications. Therefore, we need to architect SNNs that can be deployed on a wide
range of neuromorphic (and even conventional) hardware architectures with reduced

memory overhead. This brings up the following question:

Q1. What is the key design principle that can be deployed on a wide range of

hardware architectures and still be memory efficient?



1.2. Research Problem

The main design principle is presented in Chapter|3|and the rest of the dissertation
builds on this design principle.

The dynamicity of the SNNs also makes them rich in the way the data flows through
them and hence makes the memory patterns within the network diverse. Therefore,
alleviating the memory overhead in the SNN can be done in different ways. For example,
we can reduce the memory requests or improve the data dependencies such that it

improves the utilization of a hierarchical memory system.

Q2. What are the possible approaches to reduce the memory overhead of SNNs?

Q3. What is the quantified gain in terms of processing efficiency when reducing

the memory overhead of an SNN?

(2] is addressed by two main approaches: The first approach is adopted in [3] and
[], and the second approach is adopted in Chapters [5| and [6] is answered by
presenting the efficiency gains of each proposed solutions in Chapters [3] to [6]

Another unique aspect of spiking neural networks is that they are dynamic and
recurrent at the neuron level. This makes them more flexible in the way they can
process the input in the temporal dimension (we have spatial and temporal dimensions
to extract features from the input). The biological neuron is also dynamic but still

efficient at the same time. This raises the following question:

Q4. What is the relationship between dynamicity and memory efficiency?

Q5. How the dynamicity of the SNN can be utilized to reduce the memory

overhead?

These questions were addressed in chapters [f] and [6] Chapter [5 focuses on the
utilization of dynimicity of the spiking neuron to do complex vision tasks effi-
ciently, while Chapter [] introduces utilizes the dynamicity to reduce the memory

overhead.
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1.3 Research Objective and Methodology

The goal dissertation is to reduce the memory overhead of SNNs, while still maintaining
the dynamic properties of the spiking neuron and interfering minimally on the design

of the neuromorphic hardware.

The approach adopted focuses mainly on the algorithmic level, that is, the design
of neural network architecture. The design of the neural architecture is restricted to
the two main metrics of neuromorphic engineering mentioned previously: maintaining
the accuracy of the Al task while optimizing their efficiency when running on a hard-
ware platform. As the neuromorphic hardware systems are not mature and available
for developing SNN at large scale, we aim to propose neural network architectures that
restrict the neuromorphic hardware minimally and, therefore, allowing parallel and in-
dependent progress of research at the hardware. In other words, the aim is to propose
applicable SNN architectures that are constrained to run at power and latency, while
being agnostic to the underlying neuromorphic hardware. In addition, we also aim to be
agnostic on the biological plausibility of the network architecture, while using compu-
tationally simplified biological neuron models. Even though the dissertation’s approach
is agnostic with respect to the biological plausibility of the network architecture, the
proposed approaches have potential to improve the understanding of neural architec-
tures of biological systems. Although understanding the overlap between neuroscience
and the proposed neural architectures is important, this dissertation does not relate the

proposed work to neuroscientific research.

The compatibility of the proposed solutions with neuromorphic engineering is mea-
sured in terms of applicability and efficiency. Applicability is quantified by the accuracy
of the AI task. The applicability of the proposed solutions should not differ from that of
the state-of-the-art solutions. In terms of efficiency, we focus on reducing the memory
overhead of the SNNs, as the memory overhead is considered as the main efficiency
bottleneck in almost every hardware system. This memory overhead includes memory
requests (e.g., read and write operations in von Neuman architecture), the number of
variables required during runtime (e.g., reflecting the utilization of hierarchical memory
system), and the storage requirement (e.g., reflecting the cost of the host hardware; it

is the size of memory needed to store the SNN model).
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Key Design Principle Adopted Approaches Proposed Solutions
Task Specialization
Q1,Q3,Chapter3
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Neurons
Utilize Dynamicity Q3,Q4,Chapter5
Q2,Chapter2
Spatiotemporal
Processing
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Figure 1.3: Overview of the Contributions

1.4 Dissertation Contribution and Outline

The contribution of this dissertation is to aid in improving the processing efficiency of
the neuromorphic system by reducing the memory overhead in the SNNs. This section
explains the contribution of each chapter; a summary of the contributions is shown in
Fig. This section also outlines the rest of the dissertation.

Chapter 2 gives a background on the spiking neural networks. It presents the internal
dynamics of commonly used spiking neuron model, the different ways to encode the
input and interpret the output, and the training algorithms. The chapter then dives
into detail into the memory overhead problem and discusses its impact on the processing
efficiency of SNNs. It also presents potential solutions in the literature that could
alleviate the memory overhead problem, and accordingly answers

Chapter [3| discusses further the problem of memory overhead and presents a key
design principle to reduce the memory overhead by reducing the width (narrowing the
dataflow) of the SNNs (answer to . This chapter also introduces the first approach
of reducing the memory overhead by reducing the number of active neurons in the SNNs
(answer to . Then, the chapter introduces the concept of task specialization and
discusses its potential to reduce the memory overhead of SNNs. Task specialization
in this chapter is applied to the classification task, such that a given task is divided
into a set of specialized sub-tasks that are used to design memory-efficient SNNs. The

proposed solution performs the classification task as a collaborative effort of multiple
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specialized and narrow SNNs rather than being performed by a single and fairly large
SNN. This contributes to the field of neuromorphic engineering by allowing the use of
specialized and ensembled SNNs to design narrow SNNs, which results in reduced num-
ber of memory operations and increased utilization of memory hierarchy. In addition,
this chapter proposes a workflow that maintains the architecture of a baseline SNN (i.e.,
maintaining the number of layers as well as the number of neurons per layer), while
systematically reducing the dependencies at every layer of the SNN. This maintains the
properties of the baseline SNN architecture, while significantly reducing the memory
overhead. Task specialization improves the energy and latency of the SNN’s inference
by at least 10x compared to a non-specialized SNN.

Chapter [4] further adopts the approach of reducing the dynamicity of SNNs (answer
to . This chapter discusses the main drawbacks of the task specialization approach
and, to address them, proposes the solution of per layer specialization. In this solution,
every layer is divided into independent specialized experts that are activated by a
gating function. This leads to a narrow dataflow, which reduces memory overhead
and computations and hence improves the processing efficiency of SNNs. This chapter
contributes to the field of SNNs by proposing a systematic and trainable specialization
of tasks, which reduces the training burden and eliminates the need for human experts
to design the specialized classification tasks. In addition, the accuracy of the tested Al
tasks is increased compared to the task specialization solution. The proposed solution
in this chapter improves the inference processing efficiency on real general-purpose
hardware by up to 3x while maintaining state-of-the-art accuracy.

Chapter [, adopts the approach of utilizing the dynamicity of the SNNs to reduce
their memory overhead (answer to . The dynamical properties of the spiking neuron
are studied in detail (answer to . This chapter discusses how the inherent properties
of the spiking neuron can be utilized to process an image in a memory-efficient manner.
The main contribution of this chapter is to use biologically plausible neuron models,
which show interesting capabilities to capture complex temporal patterns. This chapter
contributes to the field by presenting an analytical study of the ability of the spiking
neuron to extract temporal features. In addition, this chapter proposes the use of
the Adpative Exponential Leaky Integrate-and-Fire (AdExLIF) spiking neuron [11] for
efficient extraction of temporal features. This chapter also presents the potential of
using AdExXLIF to process images temporally. The results in this chapter show that a
single AAEXLIF neuron is capable of processing a whole image to extract features such
as horizontal and vertical edges.

In chapter [6] presents the use of more complex biologically-inspied spiking neurons,

9
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such as the balanced resonate-and-fire (BRF) to reduce the memory overhead of the
SNNs in image applications. This chapter exploits the complex temporal dynamics of
the spiking neuron to sequentially process an image as a sequence of 2D tokens/patches
(answers to and QfF]). This reduces the size of intermediate results in the SNN
at the expense of increasing the number of steps. Therefore, this results in flexibility
in the SNN, which allows optimizing the processing efficiency based on the available
memory resources. The results of this chapter show that the proposed solution reduces
the rutime memory requirement for a convolutional SNN by at least 4x and improves
the throughput by at least 2x under hardware of constrained memory resources.
Chapter [7] concludes the dissertation by summarizing the dissertation, presenting
the main challenges faced during the research process, and finally presenting future

research directions and open challenges.
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Chapter 2
Background

This chapter provides a background material to the dissertation. First, it starts with
background SNNs and the design choices made throughout the dissertation. This in-
cludes the spiking neuron model, the input encoding and the output intrepretation,
the SNN training and finally the computational overhead. Then, the chapter moves to
presenting the memory overhead of the SNNs in detail.

2.1 Spiking Neuron Networks

Spiking Neuron Model.

The SNNs are conceptually similar to the conventional ANNs except that they use
spiking neurons. As shown in Fig. [2.I] the spiking neuron receives spikes as input
(SL=1[t]) and produces spikes as output. The temporal dynamics of the spiking neuron
is controlled by the spiking neuron model. The leaky integrate-and-fire neuron (LIF)
model is a widely used model due to its computational complexity. In the LIF model, the
input spikes temporally accumulate in an internal state variable called the membrane
potential (vE[t]). If the membrane potential exceeds a threshold value (v} ), the spiking
neuron produces an output spike (SZ[t]). The state of membrane potential decays with
time using a decaying function; in Fig. [2.1} the decaying function is a linear function
with a decaying factor («).

One can think of the spiking neuron as an accumulator of dot product operations
(correlations) between a stored feature vector (the set of weights connected to the
spiking neuron) and a set of boolean feature vectors applied sequentially (one vector is
applied to the spiking neuron in every time step). In addition, the decaying factor plays

a role in forming short- and long- term memories within the SNN [97]. These aspects
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Figure 2.1: The spiking neuron receives spikes as input and produces spikes as output.
The input spikes are accumulated in the membrane potential (vZ(¢)), and an output
spike is generated if vL(t) > vy,

if v > v, fire

allow the SNNs to learn spatio-temporal patterns at the neuron level [97]. In chapter

we present more details of the temporal dynamics of the LIF and more complex models.

Input Encoding and Output Representation.

The input and output spikes are used to encode data and extracted information in
different ways. This introduces a new dimension in the design of neural networks. In
image classification application, each pixel in the input image is encoded as a sequence
of spikes. Common examples of input encoding are rate encoding, delay encoding, and
direct encoding [5]. In rate encoding, each pixel value is encoded into multiple one-
bit values (spikes). The frequency of these spike (spiking rate) encodes the intensity of
every pixel. Delay encoding encodes each pixel value into two spikes of specific temporal
distance. For example, if the pixel value is higher, the temporal distance between the

two encoding spikes is larger. This type of encoding is energy efficient as it uses only
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two spikes per pixel. Finally, direct encoding applies the whole input image as it is,
while the first layer automatically encodes the pixels to spikes. In this dissertation, we
adopt the use of direct encoding as it produces higher accuracy in image classification
applications [53].

The output of an SNN can also be interpreted differently. In image classification
tasks, one output spiking neuron is dedicated per class. The output neuron that fires
more indicates the classification output. Other approaches are also used to interpret
the SNN output. For example, in an SNN with delay input encoding, the output is
indicated by the neuron that fires last. Another common example is to use the mem-
brane potential to train the SNN. The membrane potential is often used in regression
tasks due to its continuous nature compared to the discrete spiking output. As this
dissertation focuses on image classification tasks with direct encoding, we adopt the

most firing neuron approach to interpret the output.

SNN Training.

Backpropagation through time (BPTT) [114] 9] is commonly used for supervised train-
ing of SNNs. However, training of SNNs using BPTT is more challenging than ANNs.
The Heaviside activation function used by the spiking neurons vanishes the gradients
during backpropagation. Surrogate gradient descent (SGD) replaces the derivative of
the Heaviside function with a smoother function during the backward step [76, 26].
There are also other techniques that can be used to train the SNNs such as the
biologically-inspired learning, i.e., spike-timing-dependent plasticity (STDP) [30] or
ANN-to-SNN conversion techniques [39, 120]. These techniques either work with shal-
low SNNs (such as the STDP learning) or produce SNNs with inefficient spiking activity
(such as ANN-to-SNN conversion) [26]. Therefore, we adopt in this work the use of
BPTT to train the SNNs.

Computational Overhead of the SNNs.

Computationally, the SNN has two main defining features: (1) the spiking communica-
tion between neurons and (2) the dynamicity of the neuron. These two features result
in conflicting effects in terms of processing efficiency.

At the network level, the spiking neurons communicate only using spikes. This
enables efficient implementation of the SNNs on hardware. First, the multiply and
accumulate (MAC) operation, which is used to modify the output of a network layer,

can be replaced by the accumulate operation (e.g., as in [47]), which improves the
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processing efficiency regardless of the architecture of the host hardware. Second, spiking
communication opens up a new design space for asynchronous hardware (at the network
level) [22], 104], which facilitates the design of efficient custom hardware.

At the neuron level, the SNNs are dynamical, where the spiking neuron has one or
more internal state variables. This makes spiking neuron a system by itself, in which
it may have varying complexity based on its biological plausibility. For example, the
Hodgkin-Huxley model exhibits richer temporal dynamics compared to the integrate-
and-fire (IF') model, whereas it is computationally more complex. This trade-off between
the richness of temporal dynamics and the computational complexity of the neuron
model offers a new abstraction in the design of the neural networks. In addition, the
temporal dynamics enables the spiking neuron to extract features at the neuron level.
For example, some work utilizes the complexity of the spiking neuron to extract spectral
features [77, [66], which is not feasible with conventional static neuron such as ReLU
and Sigmoid.

In summary, SNNs improve the processing efficiency of neural networks at the net-
work level, while they degrade the processing efficiency at the neuron level. This shows
that the SNN requires a different design approach to balance this conflict in efficiency.
In chapter [fland [6], we show some design tradeoffs when utilizing the temporal dynamics
differently in image applications. The next section focuses the processing inefficiencies

that the spiking neuron’s dynamicity introduces.

2.2 Memory Overhead of SNNs

The dynamicity of the spiking neuron adds computational and memory overheads in
comparison to a static neuron. The computational complexity can be mitigated by uti-
lizing the temporal dynamics of the neuron to extract features efficiently. For example,
a spiking neuron can be seen as a non-linear infinite impulse response (IIR) system
[27, [94), [77], which is capable of extracting features with less operations and parameters
compared to finite impulse response (FIR) systems. On the other hand, the dynamicity
of the spiking neuron introduces a significant memory overhead, which may diminish
the computational benefits of the spiking representation at the network level.

To gain insight into this memory overhead, we compare the software implementa-
tion of a feedforward ANN and SNN. In a feedforward ANN, all intermediate outputs
produced by any layer can be completely removed from the memory after producing
the output of the next layer. In comparison, SNNs have dynamic membrane potential

variables that evolve over time. This property requires maintaining a temporal history
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Algorithm 1: Maintain membrane potentials for every neuron in SNN for all
time steps

1 for every step n do

2 for every layer L do

3 // Copy the inputs of L (into the temsor S;;,)

4 // from the outs of L-1 (from the tensor Sout)
5 Sin = Sout

6 // Sout is the outs tensor of L;

7 // mem is the mem. pot. tensor of all layers
8 Sout = SpikingFunction(S;,,, mem/[L])

9 // Update mem[L]

10 mem/[L] = MemUpdate(Sout)

Algorithm 2: Compute and maintain the output of the current layer for all
time steps

1 for every layer L do

2 // Copy the inputs of L (into the tensor S;,)

3 // from the outs of L-1 (from the tensor Sout)

4 Sin = Sout

5 for every step n do

6 // Sout is the outs tensor of L for all steps
7 // mem is mem. pot. tensor of L

8 Sout[n] = SpikingFunction(Siy, [n], mem)

9 // Update mem

10 mem = MemUpdate(Sout[n])

of the SNN execution implicitly (by maintaining the membrane potential variables in
memory) or explicitly (by maintaining the outputs of the currently executed layer for
all time steps). Algorithm and Algorithm show two different execution paradigms of
the SNN inference. In Algorithm [T, the membrane potential variable of every neuron in
the SNN is maintained in the memory even after executing every layer, while the output
tensor of every layer is removed from memory once the next output tensor is computed.
In Algorithm [2], for every layer, the output tensor is computed for all time steps and
maintained in the memory, while the tensor of membrane potentials is removed from
memory once the output tensor is computed for all time steps. During the inference,
both implementations impose an extra memory overhead compared to the conventional
feedforward ANNs.

To quantify this memory overhead, Fig. shows a comparison between SNNs and
ANNs (with convolutional layers) in terms of the maximum runtime memory (measured
in software implementation using PyTorch). The SNN is implemented with Algorithm
[[] The runtime memory of the SNN increases significantly with increasing the number
of layers when compared to the ANN. In the ANN, the outputs of the processed layers
are removed from memory once the next layer is processed. In the SNN, the values

of the state variables of a layer must be maintained in memory, even if the outputs of
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Figure 2.2: Maximum runtime memory for different numbers of layers

this layer are used in the processing of the next layer. This constraint in maintaining
the state variables in SNN is required to use them in subsequent time steps (i.e., the
spiking neuron is dynamic).

To evaluate the impact of this increased memory in the SNN, we show in Fig. [2.3]the
throughput (inferences per second) when the ANN and the SNN are implemented on
a CPU with a hierarchical memory. In both networks, when increasing the batch size,
the required memory pushes the hardware towards its communication bottleneck. As
can be seen in the figure, the degradation of the throughput is higher in the SNN when
compared to the ANNs. This shows how the additional memory overhead introduced
in the SNN degrades the processing efficiency more than the ANN.

In summary, the additional memory overhead of the SNN results in two main prob-

lems:

1. Degraded processing efficiency: With a limited working memory (e.g., the
main memory in a conventional computing system or the on-chip memory of a
neuromorphic system), the neuron’s state variable of the SNN need to be moved
to a denser storage device (e.g., FLASH memory). This results in more frequent
accesses to the storage device during runtime, and hence resulting in inefficient

read and write operations. This increases the overall energy consumption and
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Figure 2.3: Comparison between ANN and SNN in the the utilization of a hierarchical
memory system. As both networks are performed layer by layer, an increased batch size
pushes the memory system closer to its communication bottleneck; i.e., intermediate
results in every layer does not fit the intermediate memories (caches).
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latency of the SNN inference, which squanders the other computational benefits
of the SNN.

2. Increased hardware cost: As we need to store all membrane potential variables
in some form of memory (either working memory or a storage device), we increase
the memory requirements of the computing system. Therefore, the overall cost
of the computing system increases. This is especially obvious when we desire to
increase the size of the working memory. For example, intel Loihi 2 neuromorphic
chip has 128 asynchronous neural cores, each including up to 128 KB of synaptic
memory and up to 8192 neurons. This limited on-chip memory requires parti-
tioning of large scale SNNs into smaller computations to fit the working memory
of the chip [91]. This requires either increasing the on-chip neural capacity, using
multiple neuromorphic chips, or using an external memory and sequentially exe-
cuting the partitioned computations. All these solutions increase the overall cost,
which is undesirable for applications with severe constraints on computational

resources.

2.3 Exiting Solutions to Alleviate the Memory Over-
head Caused by the SNIN’s Dynamicity

Solutions were proposed in the literature to alleviate the memory overhead due to the
dynamicity of the SNNs. Table groups these solutions into five main categories:
(1) quantization (that reduces the bit-size of the membrane potential variable, e.g.,
[85, 841, 124], 113]), (2) pruning (neurons) (that reduces the number of membrane po-
tential variables in the SNN | e.g., [100, 13]), (3) reducing activity (that reduces the
number of spikes in the SNN e.g., [73, [105], 52, 60, 53]), (4) reducing the number of
steps (e.g., [61], 98]), and (5) membrane potential sharing (that reduces the number of
membrane potential variables in the network by sharing, e.g., [48]). Each group was
analyzed and evaluated (for the SNN’s inference) by four qualitative metrics; we only
compare these solutions qualitatively as the literature lacks a widely accepted bench-
mark for memory overhead solutions. The first metric is the reduction in the number
of membrane potential variable. Reducing the number of membrane potential variables
reduces the dynamicity potential in the SNN and hence reduces the memory overhead,
especially in terms of the runtime memory requirements and also the utilization of a
hierarchical hardware memory. The second metric is the reduction in the number of

accesses to the membrane potential variables. Accessing the membrane potential vari-
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Table 2.1: Comparison of the solutions in the literature that aims at alleviating the
memory overhead due to the dynamicity of the SNNs. These solutions are classified
under 5 classes: Quantization, pruning, reducing activity, reducing the number of steps,
and membrane potential sharing.

Solution Cat- Type of im- Reduce the Reduce the Reduce the Utilize the dy-
egory provement number of number of runtime mem- namicity to re-
membrane accesses to ory require- duce memory
potentials membrane ment overhead
(eliminate potential
dynamicity)
Reduce the No No
Quantization|85]| bit-size of every
84) [124] 113] membrane  po-
tential
Pruning Eliminate neu- Yes No
(Neurons) - rons and their
e.g., [100} 13] corresponding
weights
Reducing Ac- Reduce the num- No No
tivity - e.g., ber of updates
[73] [105] 52] in membrane po-
60} 153] tential
Reducing the Reduce the num- Yes No No
Number of ber of updates
Steps - e.g., in membrane po-
|61] 98] tentials
Membrane Reduce the num- Yes No
Potential ber of updates
Sharing - e.g., in membrane po-
48] tentials

ables less frequently reduces the number of memory operations (read /write) which may
potentially lead to better utilization of a hierarchical hardware memory system. The
third metric is the direct reduction in the runtime memory requirements. Reducing the
runtime memory requirements leads to lower the hardware cost and may also lead to a
better utilization of a hierarchical hardware memory. The last metric is the utilization
of dynamicity to reduce memory overhead. In this metric, we look for smart solu-
tions that view the dynamicity itself as a potential property that reduces the memory
overhead rather than causing it.

Each category listed in Table contributes to reducing memory overhead; how-
ever, they target different aspects of the memory overhead. The solutions based on
quantization and reduction of the spiking activity do not reduce the number of mem-
brane potentials. These solutions reduce the memory overhead by either simplifying the
bit-level representation (in quantization) or reducing the number of memory operations.
Maintaining the number of membrane potentials allow for maintaining the dynamical
complexity of the SNN. In terms of the number of accesses to the membrane potentials,

only quantization-based solution do not reduce the number of accesses to the membrane

19



2.3. Exiting Solutions to Alleviate the Memory Overhead Caused by the SNN’s
Dynamicity

potential. This shows that most solutions in the literature (including the quantization-
based solutions) improve the utilization of hardware memory bandwidth (utilization of
hierarchical memory). Reducing the runtime memory is another important metric that
reflects the hardware cost and the utilization of a hierarchical memory. Some categories
improve reduce the runtime memory requirements such as the quatization, pruning and
membrane potential sharing based solutions. Finally, up to our knowledge in the liter-
ature, there is no found solution that considers the dynamicity of the SNN to reduce

the memory overhead.

This classification allows to see a gap in the literature in two important aspects:
First, the available solutions in the literature seem to tradeoff an improvement in one
aspect of the memory overhead for another aspect or by eliminating dynamicity in
the SNN. For example, no single solution in the literature improves the memory over-
head in terms of reducing the number of memory accesses and the runtime memory
requirements without compromising the dynamicity of the SNN. This means that if
an approach improves the memory overhead of the SNN in all aspects, it reduces the
SNN’s dynamicity which implies pushing the SNN’s functional complexity closer to the
static ANNs. This brings us to an answer to Q2}

Recall: What are the possible approaches to reduce the memory overhead
of SNNs?

Our first approach to reduce the memory overhead of the SNNs is to reduce the
number of active neurons in the SNN without sacrificing the dynamicity.
This approach is adopted in chapters [3] and [4]

The second gap that can be observed from Table is that the inability of the
approaches in the literature to utilize the inherent dynamicity of the spiking neuron to
reduce the memory overhead. In other words, most solutions in the literature borrow
concepts from the field of ANN and apply to the SNNs. This allows us to reduce the
memory overhead in the SNN but not providing a fundamental solution that relies on
the intrinsic properties of the SNNs. This brings up the second approach in this
dissertation (answer to Q2):
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Our second approach to utilize the dynamicity of the spiking neuron to
reduce the memory overhead rather than viewing it only as a cause of the

memory overhead. This approach is adopted in chapters [5] and [6]

In the next chapter, we will start with the first proposed solution in the dissertation

and also set the key design principle employed throughout the whole dissertation.
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Chapter 3

Task Specialization for Efficient
Processing of Spiking Neural Networks

This chapter we present and justify the key design principle used throughout the dis-
sertation (Q[I). It also presents our first solution and quantifies the gain in processing
efficiency while reducing the memory overhead of the SNNs ( The proposed solu-
tion performs the classification task as collaborative tasks of specialized SNNs. This
specialization reduces the number of memory operations and improves the utilization
of memory hierarchy. In addition, task specialization reduces the number of active
neurons (and hence the runtime memory requirements) by executing narrow SNNs se-
quentially. The results show that task specialization improves the energy and latency of
the SNN’s inference by more than 10x. Task specialization shows that designing narrow
(and deep) SNNs is computationally more efficient than designing wide (and shallow)
SNNs. The content of this chapter was published in the following paper: Muath Abu
Lebdeh, et al. "Efficient processing of spiking neural networks via task specialization",
[EEE Transactions on Emerging Topics in Computational Intelligence, 8(5):3603-3613,
2024.

3.1 Introduction

The previous chapter discussed the importance of reducing the memory overhead of
the SNNs. In this chapter, our aim is to reduce the memory overhead of the SNNs by
reducing the number of memory operations and increasing the utilization of memory
hierarchy. The proposed approach to reduce this memory overhead relies on the special-

ization of the classification task into simpler subtasks. There are several related works
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in the literature that either (1) share a similar purpose of reducing SNNs’ computa-
tional overhead in general and the memory overhead in specific while using different and
orthogonal approaches, (2) share a similar approach of using an ensemble of weak SNN
classifiers but not directly to improve the processing efficiency of the SNNs, or (3) share
a similar approach of using specialized networks for reducing the ANNs computations
but not for reducing the memory overhead of the SNNs. This section discusses these
three types of related work.

Reducing the memory overhead of SNINs. Our work has a very similar goal to the
work in [48]. This work aims at reducing the number of membrane potentials at any time
step, which automatically decreases the memory requirements of the SNNs, the number
of memory operations as well as the utilization of the memory hierarchy. Although
this work has the same goal of our work, we take a different direction to reduce the
memory overhead. We reduce the memory overhead via specialized ensembles of SNNs,
which does not overlap with the approach in [48]. In other words, these approaches
are orthogonal and can be integrated; e.g., the approach in [48] can be applied to the
specialized SNNs and further reduce their memory overhead.

SNN ensembles.  The work in the literature that used ensembles of SNNs have
different goals than decreasing the memory overhead of SNNs. In [75], SNN ensembles
were used to facilitate the training of SNNs, and decrease the overall number of pa-
rameters. Even though this work improves the processing efficiency of SNNs, it still
does not directly address the high memory overhead in SNNs. In addition, the datasets
tested in this approach are relatively simple. In [87], two unimodal SNN ensembles were
used to enable multimodalities in SNNs with STDP training. The focus of this work is
to enable a new application in SNNs rather than improving the processing efficiency of
SNNs. In [24], an ensemble of weak SNN classifiers were used to reduce the overhead
of extracting SNN architecture using evolutionary algorithms. This work does not aim
to improve the processing efficiency of SNNs; in fact, they use an ensemble of 50 SNNs
to implement a toy application (UCI handwritten digits). In [99], HybridSNN was pro-
posed as an adaptable architecture that is made of a homogeneous ensemble of SNNs,
ranging from single-layer SNNs to convolutional SNNs. The goal of this approach is
to stabilize and facilitate the training of SNN (in a modular and biologically plausi-
ble way). Although this approach also can improve the processing efficiency of SNNs;
it does not directly target reducing the memory overhead of SNNs. The HybridSNN
can learn architectural patterns with wide layers (layers with large number of input or
output features) and hence increased memory overhead.

Sparsely-gated mixture-of-experts (SG-MoE). Our work has a similar (but sim-
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pler) approach to the work of SG-MoEs [96], 89, [14] while targeting a different goal.
These papers aim at skipping computations and hence increase the processing effi-
ciency of ANNs. Although this also can be valid for our approach, we aim at utilizing
the notion of expertise to systematically decrease the width of the specialized SNN
models, and hence reduce the memory operations and increase the utilization of mem-
ory hierarchy. Note that with some modifications to the training in our approach, we
can also utilize the same approach for a novel computation skipping in SNNs. In ad-
dition, the work that deploys the SG-MoE in image classification applications relies on
vision transformers [89], such that the input image is applied sequentially as patches.
Each patch can be processed by a small set of models from the whole set of MoEs (e.g.,
some patches visually present the background, other patches present specific geometri-
cal shapes, etc). In our work, we implement the specialty in the SNNs without patching
the input image, such that we consider the whole input image as a patch that can be
processed by a specialized SNN.

Other general approaches to improve the processing efficiency of SNNs. A
group of work re-used the network compression techniques via pruning and quantiza-
tion for SNNs [112, 51, 49]. These techniques reduce the model size by reducing the
neurons count (e.g., eliminating neurons with low firing rates), reducing the synaptic
connectivity, or reducing the bit size of the network’s parameters. These compression
techniques still do not push the energy and latency of an SNN to a fundamentally low
level; for example, unstructured pruning is a common technique used to remove redun-
dancy, while it does not fully benefit from sparse tensor accelerators [79] which require
structured input data (matrices and vectors). Therefore, compression techniques are
mainly useful for improving the storage and memory requirements of the SNNs, which
indirectly improve the energy and latency.

Another group of solutions penalizes the SNN during training to reduce the spikes
count [123] [73]. These solutions allow the SNNs to make better utilization of sparse
and asynchronous computing hardware. However, as our results show (in section ,
reducing the spikes count alone does not necessarily reflect the efficiency of processing
an SNN. The energy consumption and latency depend on both the spikes count per
layer and the width of the next layer.

Other work targets reducing the number of time steps [19, [50, 62]. These techniques
are especially useful for SNNs converted from ANNs. Reducing the number of time
steps is equivalent to reducing the sequential sub-inferences required for complete SNN
inference. As fewer sequential sub-inferences are required, this improves the overall

energy and latency. On the other hand, although reducing the time steps improves
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the efficiency of a specific SNN, time steps alone is not a metric for latency as well as
energy. For example, an SNN with low spiking activity and a high number of steps can
be faster and more energy-efficient than an SNN with a low number of time steps but
high spiking activity.

Another promising group of techniques utilizes special encodings to reduce the en-
ergy and latency of SNN [52] 53| 59, [60]. These encodings rely on using a sparse
representation of the input data to reduce the overall spike count in the SNN. For ex-
ample, in delay encoding, each input feature is represented by two spikes, where the
amplitude of the feature is represented by the number of time steps between these two
spikes. On the other hand, this low number of spikes in the input results in vanishing
outputs in deep layers of SNNs; which makes training deep SNNs difficult [52]. More-
over, representing information using a low number of spikes makes the inference more
prone to error [52 53]

In this chapter, we propose utilizing the idea of task specialization to design narrow
SNNs, and hence reduce the memory overhead of SNNs. This reduction in memory
overhead includes reducing the number of memory operations and increasing the uti-
lization of memory hierarchy. The proposed approach performs the classification task
as a collaborative effort of multiple specialized and narrow SNNs rather than being
performed by a single and fairly large SNN. We show that training each specialized
SNN on a relatively unique subset of the dataset leads to narrower layers and, in turn,
decreases the spatial dependencies between consecutive layers in SNNs. This reduction
in spatial dependencies reduces the number of memory and computing operations. In
addition, the decrease in spatial dependencies allows the specialized SNNs to fit better
into more local memories, which reduces the movement of data in different levels of
the memory hierarchy. Therefore, our proposed approach reduces the overall inference
energy and latency.

Briefly, the contribution of this chapter is summarized below:

e Using the concept of specialized and ensembled SNNs to design narrow SNNs,
which results in reduced number of memory operations and increased utilization

of memory hierarchy.

e Proposing a workflow (based on specialization) that maintains the architecture
of a baseline SNN (i.e., maintaining the number of layers as well as the number
of features), while systematically reducing the dependencies at every layer of
the SNN. This maintains the properties of the baseline SNN architecture, while

significantly reducing the memory overhead.
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Figure 3.1: A baseline SNN is replaced by multiple independent SNNs of narrow widths.
The depth of each narrow SNNs is the same as the baseline SNN. The sum of the features
in all narrow SNN at a specific layer equals the number of features at that layer in the
baseline SNN. This property allows both structures to have similar memorization and
generalization capacities.

3.2 Proposed Solution: Specialized Spiking Neural Net-

works

This section presents the main parts of the proposed approach including: reducing
SNN width via specialization, the design of specialized tasks, training and structuring
the specialized SNNs, and aggregating their results. Finally, this section presents the

potentials of specialization in reducing the memory overhead of SNNs.

3.2.1 Reducing the width of the SNN model

The problem of wide SNNs. Powerful SNNs that target image classification tasks
are usually deep and wide [52]. Wide layers are capable of memorizing more features,
which gives the backpropagation algorithm a more relaxed optimization space to find a
solution. On the other hand, a wide layer has larger dependencies that result in more
memory operations and increased data shuffling within the memory hierarchy.

Replacing the wide SNN with narrow SNNs. Motivated by this, we propose
replacing a baseline SNN with multiple independent SNNs each with a narrower width
than a baseline SNN as shown in Fig. [3.1] This allows us to significantly reduce
the number of memory operations as well as to better load the computations to more
local memories. The proposed approach maintains the total number of features. For
example, the number of features (neurons) of the first layer in the baseline SNNs is
maintained across the first layers of all narrow SNNs. Moreover, the propose approach
maintains the generalization capacity by maintaining the depth of the baseline SNN;

i.e., every narrow SNN has the same depth as the baseline SNN. These two aspects in
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Figure 3.2: The SNN inference is performed as a collaborative effort of multiple spe-
cialized SNNs. These SNNs can be mapped to local computing resources, such as the
multiple cores presented in this figure. Specialized and small SNNs can be executed
sequentially or in parallel.

the proposed approach allow us maintaining the structural properties of the baseline
SNN.

Recall: What is the key design principle that can be deployed on a wide

range of hardware architectures and still be memory efficient?

The key design principle used throughout the dissertation is designing narrow
SNNs. As explained above, the width of the SNN is critical when it comes to
the memory overhead. Therefore, designing narrow SNN allows to reduce the
memory overhead from different aspects. In addition, as this key design principle
is hardware-independent, it allows the proposed solutions to be deployed in a

wide range of hardware architectures.

Task specialization. On the other hand, narrowing the width of an SNN reduces
the memorization capacity of the SNN, which makes the training more difficult. This
challenge is alleviated by simplifying the classification task, which relaxes the memo-
rization requirements. Therefore, we split the image classification task into multiple
simpler tasks, each of which is executed by a narrow specialized SNN as shown in Fig.
We refer to each specialized SNN as a sub-SNN which performs a sub-task. The

next subsection presents more details about the design of the specialized sub-tasks.
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3.2.2 Designing the Specialized Tasks

We specialized every sub-SNN to detect one class in the image classification application,
i.e., each sub-SNN is a binary classifier for one class. Image classification applications
usually have classes that are mutually-exclusive, such that every class corresponds to
one visual object. Based on this, there must be a level of independence between the
visual features represented by every class, especially at deeper layers (JL01] suggested
that the mutual information between the output layer and a hidden layer increases with
depth). Conventionally, a single SNN is used to classify all classes. This imposes every
layer to learn the specific features of every class. During the inference, this imposes
computing all features corresponding to all classes, while the input image belongs to
one class. Instead of that, we use a specialized SNN (sub-SNN) for each class in the
image classification problem. Therefore, each sub-SNN will learn the most relevant
features from the images of the corresponding class. This allows us to remove all
unnecessary computations for irrelevant features (the features for other classes) with
all corresponding dependencies. Therefore, we reduce the overall memory overhead (less
memory operations and better utilization of the memory hierarchy).

As we specialize based on the number of classes, the dataset is divided based on
the number of classes. For example, if the dataset contains 10 classes, we re-organize
the dataset into 10 specialized sets of data. Each specialized set (the specialized task)
is used to train one of the sub-SNNs. Each specialized set is created by resampling
the original datasets by over-sampling the target class while under-sampling the rest
of classes. For example, if a specialized set is used to train the sub-SNN for detecting
class 1, the samples corresponding to class 1 equals to 50% of the total samples, while
the other 50% of the samples are sampled equally from other classes. These specialized
sets of data is used to train the specialized sub-SNNs. More details on training the

sub-SNNs are discussed in next subsection.

3.2.3 Training via Heterogeneous Batching

As described in the previous subsection, each sub-SNN is trained by a specialized set
of data. This specialized set of data contains two classes of samples: (1) the target
class samples and (2) the samples corresponding to the other classes or the alien class
samples. For example, if we have CIFAR10 dataset as the baseline dataset, one sub-
SNN is specialized in detecting the airplane object. The corresponding specialized set of
data contains: (1) The target class data which contains samples of the airplane object,

while (2) the alien class data contains samples from other objects (i.e., automobile,
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bird, cat, etc). One way to organize the training batches in this specialized set of data
is by sampling 50% of the samples from the target class and the other 50% from the
alien class.

On the other hand, this way of sampling the training batches is not effective with
small batch size. In fact, the new distribution of samples makes training unstable;
every (small) batch contains very few samples from each object in the alien class, which
results in a relatively high variance between different samples. This makes the accuracy
difficult to converge to acceptable values. Therefore, we need a technique to sort the
training data in a way that reduces the variations between different batches.

Larger batches. One way to reduce the variations between epochs is by increasing
the batch size so that it contains enough samples from every object in the alien class.
However, large batches cause the loss to converge to a local minimum which results in
low accuracy.

The sum of weighted gradients. Another way is to weight and accumulate the
gradients of more samples in the alien class. In this approach, every batch contains
equally distributed samples from every object (e.g., 32 samples for each object). After
that the following steps are applied: (1) the gradient is computed for all samples (32x10
samples), (2) the gradients corresponding to each object are averaged, (3) the gradients
corresponding to the alien class are averaged, (4) the final values are summed and the
sub-SNN parameters are updated. This allows every sub-SNN to be trained equally
on all objects from the alien class, even for small batch sizes. On the other hand,
computing the sum of weighted gradients is time-consuming; e.g., a conventional batch
of 64 samples is scaled to 320 in this approach. We address this problem by proposing
the heterogeneous batching.

Heterogeneous batching. As shown in Fig. [3.3] we adopted a hybrid solution that is
a composite of the aforementioned approaches. Instead of the sum of weighted gradients,
we train using heterogeneous set of batches. Let B; be the first set of batches of size
N. By is composed of 50% of the samples from the target class and the other 50% from

the alien class. This is mathematically formulated as following:
® Dyyrget 1s the set of the target class samples (e.g., the airplane object in CIFAR10).
® D.jien is the set of the alien class samples (e.g., the other nine objects in CIFAR10).
%

® Starget C Diarget, |Starget] = 5 (sampled uniformly at random)

® Sauiien € Datien, |Satien] = & (sampled uniformly at random)
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Epoch

Figure 3.3: Training each sub-SNN with heterogeneous sets of batches. Set 1 contains
50% of the samples from the target object and the other 50% from all alien objects.
The samples in set 2 are sampled with equal percentages from all objects. Set 3 is the
same as Set 1 except that this set contains larger batches.

4 Bl - Sta'r'get U Salien

The second set of batches By is composed of samples equally sampled from all
classes. By has more samples corresponding to the alien class. Therefore, the gradients
of this batch is scaled by 1/c (c is the total number of objects in both classes). This is

mathematically formulated as following:
e D, is the set of object k samples (e.g., class k in CIFAR10 dataset).

o Si C Dy, |Sk| =% (sampled uniformly at random)

o Bo=Ui, S
e After computing the gradients from B, batch, they are scaled by %

The training is performed by alternating between B, and B; at the epoch level rather
than at the iteration level; i.e., B; is applied at odd epochs while B, is applied at even
epochs. Finally, as shown in Fig[3.3] alternating between different batches produces
fluctuations in the learning curve. Therefore, a new set of batches (Bs) is applied. Bs
is the same as Bj except that it has a larger size (larger N). By starts to be used once
the loss reaches a desired value untill the end of training. This stabilize the learning

curve which allows the loss/accuracy to slowly converge.
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Figure 3.4: A sub-SNN is structured by reducing the width of the baseline SNN, then
training it on a subset of the dataset, then comparing the sub-SNN accuracy to the
baseline SNN. This process is repeated utill the scaled sub-SNN does not meet the
accuracy of the baseline SNN.

The proposed heterogeneous batching approach trains the sub-SNNs in a faster time

than the weighted sum of gradients while reaching a similar accuracy.

3.2.4 Sub-SNN Structuring

A classification task of C' classes is divided into C' sub-classification tasks, each of which
is executed by a sub-SNN. The baseline SNN architecture is split into C' sub-SNNs where
each sub-SNN is specialized in detecting only one class. Fig shows the workflow of
structuring each sub-SNN.

Initially, a given baseline SNN architecture is trained on the whole dataset. The
purpose of training this baseline SNN architecture is to reuse the trained weights when
creating the specialized sub-SNNs. Each sub-SNN is initially structured by halving the
width of every layer in the baseline SNN architecture (i.e., a scale factor of 2). This is
done by removing half of the feature maps in every layer. To be able to benefit from the
trained weights in the baseline SNN, halving the width is implemented by (permanently)
zeroing the weights or the convolution kernels corresponding to the feature maps with
the least activity. This ensures that the most relevant features to the specialized task is
maintained. If a desired accuracy is reached, the baseline SNN architecture is replaced
with the new SNN architecture of halved width. After that, the same process is repeated

until we reach an SNN architecture that cannot have narrower widths but maintains
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Figure 3.5: This figure shows the spiking intensity of different sub-SNNs (in this example
we have 10) when samples from different objects is applied (here we have 10 objects)

the baseline accuracy. In fact, we choose in our experiments a scale factor of 2 to speed
up the training process. Other fine-tuned scaling techniques for the width can also be
adopted.

For classes containing objects of similar difficulty, this process results in scaling
down the sub-SNN width by 1/C on average as will be shown in the evaluation section.
In addition, the efficiency of a sub-SNN inference can be further improved by splitting
it into further subnetworks trained on more specialized data (i.e., dividing the data

corresponding to class ¢ into further subsets).

3.2.5 Introducing Dependencies Between the Deepest Features

Via Simple Aggregation Function

The previously described structuring and training are performed for each sub-SNN
independent from other sub-SNNs. Although this improves the overall computational
efficiency, it reduces the overall accuracy. In fact, more dependencies on the low-level
features provide the baseline SNN with more information to produce diverse higher-level
features. This allows the fully-connected classifiers to amplify the spiking activity for
the neurons (features) of the target class and attenuate the activity of other neurons.
This aspect is less feasible when training each sub-SNNs; i.e., the narrower layers of the

sub-SNNs allow less features to be learned at the early layers.

Fig. shows the average spiking activity of the output neuron of every sub-SNN
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for objects from different classes. As seen in this figure, some sub-SNNs generate, with
a high probability, false positives for some objects. This means that employing a trivial
decision-making from the sub-SNNs, e.g., tracking the output of the sub-SNN that fires,
does not result in sufficient accuracy.

Aggregating the results of the sub-SNNs. Even though some sub-SNN generates
false positives with high probability, these false positives correspond to specific objects
(not distributed for all objects). We utilized this consistency in false positives to com-
bine the deepest features (i.e., the output of every sub-SNN) using a simple aggregation
function. This introduced dependencies at the output retains the overall accuracy of
the baseline SNN, while significantly improves the computational efficiency due to the
elimination of dependencies at low-level features. To not introduce a computational
overhead, a simple weighted average voting aggregation function is used. For every final
output (the output corresponding to each class), this function takes every output of
the specialized sub-SNN, multiplies it by a weight and adds it to the final output. This
assigns a weighted dependency to every sub-SNN based on the target output class. The

average weighting aggregation function is mathematically summarized as following:

e y; = subSNN;(z); = is the input, y; is the output of the ith sub-SNN.

Y1
- 1. -
e y=| |; ¥ = the output of ¢ sub-SNNs.

Ye

® Yycighted = W.U; W is the weighting matrix and ¥eighteq is the final output vector

The weighting matrix W is separately trained after training all sub-SNNs; i.e., the
training dataset is reused along with the trained sub-SNNs to tune W to produce the

final classification results.

3.2.6 The Efficiency Potential of Using Sub-SNNs

The proposed approach has three potential ways to be utilized for the efficient pro-
cessing of the SNNs. These potentials can be observed with the use of the computing
architectures in Fig. [3.6] The simple architecture can utilize the reduced number of
memory and computation operations, which reduces the overall latency and energy;
ultra-low power microcontrollers (such as TT MSP430) are typical examples of a simple

architecture. The temporal architecture can utilize the reduced reuse distance of the
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Figure 3.6: Abstraction of different typical computing architectures.

sub-SNNs due to the narrower layer’s width. This allows part of the memory opera-
tions to access data in the efficient intermediate memory. Examples of this architecture
are the computing systems with on-chip and off-chip memories. Finally, architectures
with multiple processing elements can utilize the new level of parallelism the sub-SNNs
introduce; i.e., the computations of every sub-SNN are completely independent of other
sub-SNNs, allowing each sub-SNN to run on a separate processing element. Examples

of spatial architectures include multi-core processors and neuromorphic chips.

3.3 Experiments

In this section, we present experimental results to evaluate the performance of the
proposed approach. It is worth mentioning that our energy and latency evaluations were

not performed using real hardware platforms as our approach is hardware independent.

3.3.1 Evaluation Methodology

Experimental setup. We used snnTorch [25] to integrate the SNNs under PyTorch.
We evaluated our proposed approach for image classification problems using MNIST
and CIFAR10 datasets and also for speech commands classification using Google speech
commands V2 (13 classes were picked). We evaluated our work on 4 baseline architec-
tures: (1) MLP trained on MNIST, (2) VGG9 trained on CIFARIO0, (3) VGGY9 with
skip connections (called here resnet) on CIFAR10, (4) Google speech commands (called
here Key Word Spotting - KWS) trained on 3 fully connected layers (3FCLs). In ev-
ery architecture, homogeneous LIF neurons were used, i.e., all neurons in the same
network have the same threshold and decaying factor (time constant). We used our
sub-SNN structuring approach to structure the VGG9, RESNET and 3FCLs baseline
architectures, while we trivially structured sub-SNNs from the baseline MLP by scal-
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Table 3.1: Evaluated baseline SNN architectures

Operation Latency Energy

(ns) (pJ)
Core operation* 0.5 0.1
[106]
SRAM
X 1.5 1.3
access™*[78]
DRAM access 60 30

[43]

* averaged for add, compare and branch instructions.
** averaged for different memory sizes.

Algorithm 3: Executing a FC layer L in SNN

1 for every input neuron i do
if SZ-L_I =1 then // if input neuron spikes
for every output neuron j do
update UjL // update mem. potential
if v} > vy, then
L SJL =1// output neuron spikes

o o oA W N

ing its width by 1/10. We used direct encoding for all our experiments as it achieves
higher accuracy [53]. For the KWS, we used a spectrogram of 90x40 as the input. In
addition, for training, we used a maximum of 16 time steps to train all architectures.
This number of steps is reduced for all architectures during inference. We trained all
networks using BPTT with surrogate gradient function for 250 epochs (the gradient
function is approximated as a Heaviside function). For stabilization of the training,
we used the threshold-dependent batch normalization (tdBN) proposed in [126]. The
Adam optimizer was used with learning rate of 5-107°. For the heterogenous batching,
the batch size of By and B, was set to 64 while B3 was set 256. Finally, the gradients
of the B, gradients (loss) was scaled by 5.

Figures of merit. We evaluated our proposed approach by comparing the accuracy,
inference energy and latency with the baseline SNNs. The inference energy and latency
were computed by extracting the number of memory, add, compare, and branch instruc-
tions per inference. The number of instructions was estimated from the structure of the
SNN and the firing activity (the number of spiking neurons step). Our evaluation con-

siders that the SNN implementation skips ineffectual instructions; in particular, skips
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all memory and computing operations that correspond to a non-spiking input. As an
example, the execution algorithm of an FC layer in an SNN is shown in Algorithm [3
Updating the neurons of a layer (i.e., vJ and SJ) starts only if an input neuron spikes
(i.e., SZ.L’1 = 1). In other words, all computations and memory accesses corresponding
to a non-spiking input are skipped.

Host computing systems. The energy and latency per instruction are analytically
estimated based on two simple hardware architectures. The first hardware architecture
has a single core and a main memory (first architecture in Fig . This architec-
ture has only one type of memory operation, which always accesses data from the main
memory. The second hardware architecture is a temporal architecture (second architec-
ture in Fig. , which consists of a simple core, an intermediate memory and a main
memory. This architecture is similar to the previous architecture except that it has two
different types of memory operations: (1) Inefficient memory operation that accesses
the data from the main memory, and (2) efficient memory operation that accesses data
from the intermediate memory. The utilization of the intermediate memory, which is
proportional to the efficient memory operations, is modeled as a propotional value the
SNN’s layer. For example, in Algorithm , re-accessing v} at the next spiking input
occurs after accessing v]’; for all j. This also applies to convolutional layers, except that
a part of the output neurons (in every feature map) is accessed when an input neuron
spikes. Table [3.1] shows the energy and latency models used for evaluation: the main
memory was modeled as DRAM, the intermediate memory was modeled as an SRAM,

and the other computations were modeled as an average core instruction.

3.3.2 Results

Accuracy. Table presents the accuracy results of our experiments. For MNIST-
MLP and KWS-3FCLs, the accuracy after aggregating the results of all sub-SNN is not
affected compared the baseline architecture. This shows that for simple applications, the
accuracy after sub-structuring the baseline architecture is maintained. For CIFAR10-
VGGY9 and CIFARI0-RESNET, the accuracy is degraded compared to the baseline
architectures. The dataset used in these experiments is relatively more complex than the
other datasets. Therefore, our results show that the accuracy of our approach degraded
with increasing the complexity of the dataset. On the other hand, this degradation
in accuracy decrease when using more complex architectures (e.g., our approach has
an accuracy of 80% for CIFARI0-RESNET and 73% for CIFAR10-VGGY9, while the

accuracies of the baseline architectures almost remain constant). Finally, it is worth
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Table 3.2: Accuracy (%) on different networks and datasets

Experiment Accuracy
MNIST|MLP baseline 95
MNIST|MLP sub-SNNs 98
MNIST|MLP sub-SNNs 99
(average)
CIFAR10|VGG9 baseline 89
CIFAR10|VGG9 73
sub-SNNs
CIFAR10|VGG9 90
sub-SNNs (average)
CIFAR10|RESNET 91
baseline
CIFAR10|RESNET 80
sub-SNNs
CIFAR10|RESNET 92
sub-SNNs
KWS|3FCLs baseline 62
KWS|3FCLs sub-SNNs 62
KWS|3FCLs sub-SNNs 84
(averaged)

mentioning that, as shown in table [3.2] the average accuracy of all sub-SNNs before the
aggregation function is close or even higher than the baseline accuracy. This implies
that the aggregation function contributes to the degradation of the accuracy in some

of the experiments.

Number of spikes per step. Fig. shows the number of spikes per step for every
layer. In our proposed approach, we calculated the number of steps for two types of
execution schemes: (1) when all sub-SNNs are executed in parallel, and (2) when the
sub-SNNs are executed sequentially. For parallel execution of sub-SNNs, the number
of spikes per step for a specific layer is added for all sub-SNNs, while for sequential
execution, the average is taken for every layer. Fig. [3.7(a),(c),(e) and (g) show that
the number of spikes per step for the parallel sub-SNNs is on average similar to the
baseline SNN; in some layers the number of spikes is higher for parallel sub-SNNs and
lower for other layers. This means that the specialized SNNs require computing a
similar number of features compared to the baseline SNNs. The sequentially executed

sub-SNNs produce much lower number of spikes per step compared to the baseline SNN.
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Figure 3.7: Spikes per step: (a) MNIST-MLP, (c¢) CIFAR10-VGGY, (e) CIFARI10-
RESNET, (g) KWS-3FCLs. Normalized spikes per step: (b) MNIST-MLP, (d)
CIFAR10-VGGO, (f) CIFAR10-RESNET, (h) KWS-3FCLs.
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Figure 3.8: Energy: (a) MNIST-MLP, (b) CIFAR10-VGG9Y, (c¢) CIFAR10-RESNET,
(d) KWS-3FCLs.

This means that there is much lower number of operations needed per step. Fig. [3.7|(b),
(d), (f) and (h) shows the percentage of the spiking neurons per step (the number of
spikes per step normalized by the layer width) for both the parallelly and sequentially
executed sub-SNNs. On average, the proposed approach increases the number of active
neurons per layer; this can be seen in most layers in Fig. [3.7(b), (d), (f) and (h). It is
worth mentioning here that the number of spikes or the active neurons per layer does

not precisely reflect the energy and latency. The energy and latency also depend on the
structure of the SNN as will be shown next.

Energy and latency. Fig. [3.8 and Fig. [3.9 show the energy and latency results
when executing the baseline SNN and the sub-SNNs on a simple architecture without
an intermediate memory and the same architecture with different sizes of intermediate
memory. These results are shown in the logarithmic scale to be able to visualize the

difference between the baseline SNNs and the sub-SNNs. The results show at least one
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Figure 3.9: Latency: (a) MNIST-MLP, (b) CIFAR10-VGGY, (c) CIFAR10-RESNET,
(d) KWS-3FCLs.

41



3.4. Limitations

order of magnitude gain in both energy and latency. The execution on an architecture
with no intermediate memory shows the gain of our approach in terms of the number
of memory operations. In addition, compared to the baseline SNN, the sub-SNNs make
better utilization of an intermediate memory. This is because narrower layers have
smaller reuse distances. E.g., a spike in an input layer requires updating all membrane
potentials in the output layer. This means that a membrane potential at one layer is
reused after updating the states of all membrane potentials in the same layer, making
the reuse distance proportional to the layer’s width. Moreover, better utilization of the
intermediate memory relaxes the requirements on the memory size; i.e., the runtime
memory requirements.

Summary of results. Our evaluation showed that our approach has no impact on
the accuracy for a simple application such as (e.g., CIFAR10-VGG9 and CIFARI10-
RESNET). The degradation of accuracy is observed to be reduced under more complex
architectures (e.g., our approach performed better for resnet architecture compared to
VGG for the same dataset). Our approach improves the inference energy and latency
by more than one order of magnitude in terms. In addition, the narrower widths of sub-
SNNs allow them to better utilize an intermediate memory of different sizes compared
to the baseline SNN. This allows the proposed approach to relax the runtime memory

requirements of the SNNs.

Recall: What is the quantified gain in terms of processing efficiency when

reducing the memory overhead of an SNN?

This chapter presents the quantified gain in processing efficiency when reducing
the memory overhead using task specialization. The results show an improvement
of at least 10x in terms of energy and latency. This improve is a result of reducing
the number of memory operations and improving the utilization of a hierarchical

memory.

3.4 Limitations

Scaling application complexity. Our approach considerably reduces the memory
overhead of SNNs; at least, for one order of magnitude for both energy and latency. On
the other hand, our results show a limitation in approach when scaling the complexity

of the application. This urge a need in future work to investigate the applications
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that can benefit from the improvements in energy and latency of our approach without
sacrificing the accuracy. Another important aspect to investigate is the design of a more
complex aggregation function that increases the accuracy without introducing a large
computational overhead.

Training burden. Although our proposed approach improves the inference energy
and latency, it introduces a burden during training. First, training sub-SNNs requires a
re-arrangement of data to create three sets of batches for every sub-SNN. This creates
a huge memory and/or latency during the training. Second, the sub-SNNs structuring
further makes training inefficient. We have to retrain each sub-SNN for different widths
to achieve acceptable accuracy. Therefore, we plan in future work to propose different
techniques to train and structure the sub-SNNs to reduce the burden in the training
process.

Network pruning. Our approach shares some properties with structured pruning. In
particular, removing the dependencies at the low-level features is similar to removing
the weights between these features. However, our approach is different than pruning in
multiple aspects. First, our approach preserves the total number of features in the base-
line SNN. This allows the sub-SNNs to have the same redundancy as the baseline SNN,
which allows our approach to be integrated with pruning techniques; we plan in future
work to further optimize the sub-SNNs by integrating network compression techniques
into our approach. Second, our approach structures the sub-SNNs by consistently re-
ducing the width, which does not only reduce the dependencies but also reduces the
reuse distance, which allows the proposed approach to make better utilization of the
memory hierarchy; we plan in the future to further specialize the sub-SNNs to reduce
their widths even more. Finally, our approach allows us to conditionally execute the
sub-SNNs, such that if a sub-SNN detects its object, the execution terminates and
the other sub-SNNs are skipped. This allows us to significantly reduce the number of
memory and computational operations. We aim to implement conditional execution in
future work.

Hardware implementation and intensive evaluations. Our evaluations were
based on simplified hardware models. More accurate results can be achieved with
an implementation on real hardware. Real hardware can be a resource-constrained mi-
crocontroller, a neuromorphic chip, FPGA, etc. We plan in future to test on a variety
of hardware resources to have a more realistic idea of the latency and energy gains.
Moreover, we also plan to evaluate the proposed approach with other input encoding
schemes, datasets, and network architectures.

Utilizing the proposed approach on DNNs. It is worth mentioning that the

43



3.5. Conclusion

proposed approach can also be extended to DNNs. We choose SNNs as they are con-
sidered an efficient replacement for DNNs. In addition, SNNs have a larger memory
burden than DNNs, i.e., each spiking neuron in any layer requires a variable to store the
membrane potential, which cannot be removed from the memory after completing the
execution of the layer’s computations. Therefore, our proposal naturally fits the SNNs.
On the other hand, we aim to deploy our proposal approach in DNNs and evaluate any
possible gain in terms of energy and latency.

The impact of the number of sub-SNNs. With the current version of our work, the
number of the sub-SNNs is automatically decided by the number of classes in the image
classification application. On the other hand, some image classification applications
require a large number of classes. In this case, fine-tuning the specialized sub-SNN
for every class might have a large training overhead or wide layers for some complex
classes. Therefore, we might need some sub-SNNs to specialize on more detecting and
classifying multiple classes with more mutual visual features. We plan to investigate

this part in future work.

3.5 Conclusion

We proposed an approach that performs a classification task using multiple special-
ized SNNs collaboratively. This specialization is utilized to reduce the dependencies
at low-level features, which reduces the number of memory operations, increases the
efficiency of memory operations, and increases the level of parallelism. This makes the
proposed approach more energy efficient and faster than the conventional SNNs. We
achieved at least a 10x reduction in energy and latency without affecting the accuracy
or the memorization capacity of the SNNs. This shows that replacing dependencies
from shallow to deeper features allows us to significantly improve the processing effi-
ciency of SNNs. In future work, we aim to integrate our proposed approach with other
approaches that aim at increasing the efficiency of the SNNs, such as network pruning,
quantization, sparse-spiking approaches, and efficient data representations. In addition,

further investigation of the proposed approach on real hardware is needed.
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Chapter 4

Improving the Specialization by

Per-Layer Specialization

This chapter presents the second proposed solution of using gated and specialized layers
in SNNs. This approach reduces memory overhead while maintaining the accuracy. The
per layer specialization dynamically scales the width of the layers in the network, reuses
some specialized experts by different classes, and eliminates the training burden that
existed in the previous task specialization approach. Our results show an improvement
in inference processing efficiency on real general-purpose hardware of up to 3x while
maintaining state-of-the-art accuracy. The content of this chapter was published in the
following paper: Muath Abu Lebdeh el al. “Per layer specialization for memory-efficient
spiking neural networks,” Proceedings of International Conference on Neuromorphic
Systems (ICONS), pages 169-176, 2024.

4.1 Introduction

The previous chapter showed the effectiveness of task specialization in reducing the
memory overhead of SNNs. Task specialization approach divides the classification task
into multiple classification sub-tasks, each of which is trained on a narrow SNN, where
these narrow SNNs collaboratively produce the final inference result. Although this
significantly reduces the memory overhead of the SNN;, it still presents non-negligible
drawbacks and challenges.

First, the task specialization approach scales the width of all layers of a specialized
SNN by the same factor, which results in a high degradation of accuracy for some

applications and architectures. Second, it requires redistributing the training dataset
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for the heterogeneous batching and gradient accumulation, which is a huge training
burden that slows down the training process. Third, the task specialization approach is
not guaranteed to be effective in real word applications, such that the divided sub-tasks
cannot be guaranteed to have unique representations (i.e., separable representations).
In practice, designing the sub-tasks requires a human expert in the semantics of the

image classes to guarantee mutually exclusive representations.

To solve these challenges, we propose the per layer task specialization in the SNNs.
In this approach, every layer in a single SNN model is dynamically specialized rather
than using multiple independent narrow SNNs. This allows for an input-dependent
narrow dataflow, such that every input activates a small and narrow part of the model
in every time step. We implement the per layer using the sparsely gated models, where
each layer is divided into independent and narrow experts. This approach reduces
the overall memory overhead and computational complexity, leading to gains in the
processing efficiency of SNNs. For example, the proposed approach achieved a 3x faster
inference for a customResNet-9 trained on cifar10 dataset, while maintaining the state-
of-the-art accuracy of similar architectures. In addition, the proposed approach does not
introduce any training burden compared to the previous work in task specialization;
during training, a trainable gating function automatically specializes the experts in
every layer. Finally, the proposed approach inherently allows for computation skipping,
which has important effects on the memory requirements of the SNNs. In summary,

the contributions of this chapter are:

e A systematic and trainable specialization of tasks in SNNs: This reduces
the training burden as well as the need for human experts to design the specialized

image classification tasks

e A per layer specialization of the image classification task: This specializes
the SNN model in a fine-grained way, which results in a higher accuracy compared

to the previous work in SNN task specialization.

e Introducing the concept of conditional computation in SNNs: This im-
proves the processing efficiency of the SNNs by skipping the majority of computa-
tion and memory operations as well as increasing the utilization of a hierarchical

memory system.
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4.2 Proposed Solution: Per Layer Specialization

This section presents the proposed task specialization per layer. It presents some pre-
liminary observations in SNN, the proposed gated SNN architecture, and the used

auxiliary losses for load balancing.

4.2.1 Preliminary Observations: Unique Representations of Se-

mantically Different Classes at Deeper Layers

The main concept behind task specialization is that semantically different classes tend
to have unique and hence separable representations within the SNN. A unique rep-
resentation in a layer can be seen as a unique spiking pattern, i.e., specific neurons
spike in every layer per class. Therefore, if an image classification task is divided into
sub-tasks that are semantically different, we expect their representation to be unique
in every layer, hence we may train every sub-task on a narrow specialized SNN. In [56],
all layers of a specialized SNN are scaled by the same factor; i.e., the width of every
layer is reduced by the same factor. However, we discovered that every semantically dif-
ferent class (sub-task) does not have unique (separable) representations in every layer.
Semantically different classes tend to have unique representations at deeper layers, i.e.,
when the layer is deeper, the features become more unique and distanced. In other
words, in the work of task specialization, all layers are scaled by the same factor, while
deep layers are task-dependent but early layers are not task-dependent. To observe this
property, we adopt the visualization in [72]: at a specific layer in the SNN, the features
in this layer are vectorized and then projected into a 2D plane for visualization.

Fig. shows the projection of features in CustomResNet-9 trained on the CI-
FARI10 dataset. Each figure shows the projection of the features of three classes. Fig.
shows the projection of features of three semantically different classes; ‘airplane’,
‘automobile’, and ‘cat’. In the leftmost figure (projections in the second layer), the
projections are less separable compared with the projections in the rightmost figure
(projections of the feature after the deepest layer). This is more obvious when vi-
sualizing the projections of two semantically similar classes (‘cat’ and ‘dog’) and one
semantically different class (‘airplane’) as shown in Fig. . These figures show that
in earlier layers, the representations of features belonging to different classes are less
unique than the representations of features at deeper layers. Therefore, specialization
at deeper layers is easier and more applicable than the specialization in earlier layers.

Thus, scaling all layers by the same factor results in a non-negligible drop in accuracy.
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(b)

Figure 4.1: Projection of features at different layers into 2D plane for CustomResNet-9
trained on CIFAR10 dataset. (a) shows the projections of features for three semantically
different classes: ‘airplane’ (magenta), ‘automobile’ (blue), and ‘cat’ (yellow). (b) shows
the projections of features for 2 semantically similar classes, ‘cat’ (yellow) and ‘dog’
(green), and one semantically different class, ‘airplane’ (magenta). The depth of the
layer increases from left to right (i.e., the rightmost figure shows the projection of the
deepest features).

Based on these observations, we decided to specialize the layers themselves within
the SNN as shown in Fig. 4.2l Every layer is composed of independent narrow experts
(at maximum each expert has two layers). The level of specialization in every subse-
quent layer is increased by some factor (e.g., the first layer has 1 expert, the second
has 2 experts, the third has 4 experts, etc). With every specialization level, the width
of the expert is narrowed by some factor (e.g., the width of each expert in the second
layer is scaled by 1/2, the expert of the third layer is scaled by 1/4, etc).

There are three major differences from the earlier approach in task specialization
[56]. First, in this work, the early layers are shared and used to extract the features
from all sub-tasks, while in the previous work, every layer is trained for a specific sub-
task. Second, in this work, the specialized architecture is directly trained on the whole
dataset without redistributing it for specialization. This eliminates the training burden
that existed in the previous work. Third, this work uses a simple gating function
in every layer to selectively activate one expert. This allows for skipping most of
the computations and memory operations in deeper layers. In addition, this skipping
reduces the memory requirements of the SNN (especially in the direct encoding scheme),

where only the membrane potentials of the selected experts are maintained in the
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Figure 4.2: The proposed architecture for task specialization per layer. The gating
function routes the input features to only one of the specialized experts.

memory. More details of the proposed task specialization per layer are presented in the

next subsection.

4.2.2 Gated Specialized Models

The proposed task specialization per layer combines two important design choices:

1. Sharing the early layers: As specialization in early layers results in a non-negligible
accuracy drop, sharing (non-specializing) is emphasized among all sub-tasks. This
avoids designing wide early layers for every sub-task, and hence eliminates un-
necessary redundancy; note that early layers are used to extract general features,

such as edges, blobs, and other simple geometrical features in image applications.

2. Gating the specialized experts: Some deeper specialized experts can be used by
different sub-tasks. A gating function (similar to the gating function used in the
sparsely gated mixture of experts in [89]) selects one specialized expert, i.e., the
gating function routes the input features of every layer to only one specialized
expert. This allows for: (1) reducing the number of the features produced by
every layer (features are produced by one narrow expert), and hence reduce the
overall memory overhead, (2) re-using the experts for more than one sub-tasks,
and hence reducing the size of the model, (3) alleviating the training burden of
the conventional task specialization approach as the gating function is trainable,
and hence automatically designs the sub-tasks and automatically assigns these

sub-tasks to the suitable experts.
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Figure 4.3: The gated layer used during training. One expert is selected at every time
step.

The idea of gating is inspired by the idea of sparsely gating a layer of experts
proposed in [89]. Our work differs from the previous work in two important aspects.
First, rather than using transformers, our work uses only spiking neurons, except for the
gating function, which (as shown in Fig. is composed of a linear layer, followed by
a softmax function for normalization, and a topl function to select one of the experts.
Second, rather than applying the input image as a sequence of 2D patches, we apply
the whole image as the input in all time steps (direct encoding). This allows the same
features to be extracted in every time step and, hence, guaranteeing that almost the
same experts are activated in all time steps. Therefore, this reduces the number of
stored membrane potentials in memory and increases the utilization of a hierarchical

memory system.

4.2.3 Balanced Usage of Experts

With only using the classification loss, the gating function converges during training
to select only one expert for all classes. This unbalanced use of experts during the
inference leads to reduced accuracy. We adopt the use of the auxiliary losses proposed
in [89]. A balanced use of experts in every layer is encouraged using a regularization

term added to the classification loss as defined below:

£total = Eclassication + £auxialary (41)

£aum’liary = 'Cfmp + *CLoad (42)
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The importance loss L, is used to balance the distribution of softmax outputs in
the gating function, while the load loss L1, is used to balance the assignments of the

topk function.

The importance loss in every gating function relies on the importance score which

is computed as following:

Imp,(X) := Z softmax(Wz);, (4.3)

zeX

where ¢ is the expert index, X is the batch of input features in every layer, W is the
weights matrix of the linear layer in the gating function. The importance loss of every

layer is computed from the standard deviation and the mean of all experts’ importance

oo ( Std(Imp(X))))2 (4.4)

fmp =\ mean(Imp(X)

scores as follows:

Finally, the total importance loss is computed by adding the importance losses of

all layers.

The load loss is used to guarantee a balanced assignment by the topk function; i.e.,
balancing the output of the softmax balances the distribution of its output but not
necessarily the assignments. A differentiable approximation of the top-k function is

computed as the CDF of a normal distribution:

Pi(z) = P(e < (Wx) — thresholdy(z));

(4.5)
= ®((Wx) — thresholdy(x));,

where € is a noise sampled from a standard normal distribution (of zero means and
1/4F standard deviation; E is the number of experts in the layer), ® is the CDF of a
standard normal distribution, thresholdy(Wz) is the maximum k element of Wz, and

1 is the expert index.

The load loss for every layer is computed from the standard deviation and mean of

all experts’ probability scores as follows:

L std(P(X) )
[’Load - (mean(P(X))) (46)

The total load loss is computed by adding the load losses of all layers.
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4.3 Experiments and Discussion

This section presents the evaluation of our approach and a discussion of the results.

4.3.1 FEvaluation Methods

Experimental setups. We evaluated our results using fashion-mnist and CIFAR10
datasets. These datasets were trained on three different architectural variations of the
proposed approach. (1) Dynamic specialization and hardgating: An architecture with
dynamic scaling of layers and a hardgating function; where layers are specialized with
different levels and one expert is activated in every layer. (2) Dynamic specialization
and softgating: An architecture with dynamic scaling of layers and softgating function;
where layers are also specialized with different levels, while all experts are executed
and their outputs are weighted and added (gating function without a topk unit). (3)
Constant specialization and softgating: An architecture with constant scaling of layers
and softgating function; this is similar to the previous architecture but with a constant
specialization level [56].

We used 4 steps, the LIF neuron model and BPTT to train all SNN architectures.
We used 400 epochs with a cosine annealing scheduler. We did not use any normalization
through time in all trained architectures. This allowed us to speed up our experiments
during training.

Evaluation metrics. We evaluated and compared our proposed approach with the
state-of-the-art in terms of accuracy and processing efficiency. As a metric of the
processing efficiency, we measured the inference latency of the SNN model in PyTorch
on a general-purpose CPU (Intel Xeon Gold 6252N); as computations are executed
sequentially, this metric can be a practical estimate of both the number of operations
and the utilization of hierarchical memory. The inference latency was compared with
the state-of-the-art by re-implementing a baseline SNN model from the literature. We
chose CustomResNet-9 [50] as it consists of diverse architectural concepts such as CONV
layers, FC layers and skip-connections. We also chose 6FC layers model [82] as a baseline
for simple SNN models. Then, we applied our proposed specialization approach to these
baseline architectures. Beside the accuracy and inference latency, we also presented
some results on the memory efficiency of the proposed approach as well as the gating
pattern of the activated experts.

Software implementation. We implemented the algorithm of the SNN in a layer-

wise manner. In this implementation, each layer is executed for all steps, such that the
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Table 4.1: Accuracy comparison on different architectures and datasets

Architecture Dataset Accuracy
CustomR'esNet—.Q with task CIFAR10 80
specialization [56]
VGG-16 [34] CIFARI10 87
CustomResNet-9 [56] CIFARI10 90
ResNet-12 [55] CIFAR10 90
CIFARNet [34] CIFAR10 92
ResNet-19 [34] CIFAR10 95
CustomResNet-9 with
constant spec. (of 4) with CIFARI10 80
softgating
CustomResNet-9 with CIFAR10 89

dynamic spec. with softgating

CustomResNet-9 with

dynamic spec. with CIFARI10 88
hardgating
6FC layers [82] faShi_OD' 82
mnist
CSNN [82] fashion- 86
N mnist
CSNN [82] fashion- 86
mnist
6FC layers with constant fashion- 82
spec. (of 6) with softgating mnist
6FC layers with dynamic fashion- 81
spec. with softgating mnist
6FC layers with dynamic fashion- 80
spec. with hardgating mnist

input in all time steps is applied and a tensor of the output in all steps is produced.
In this implementation, the membrane potentials are only saved for the layer being
executed. Once all outputs are produced for all steps, the membrane potentials of the
layer being executed are removed from memory, and the output becomes the input of
the next layer. This implementation is useful for deep architectures operating with a

small number of steps.

4.3.2 Results and Discussions
Accuracy

Table compares the accuracy of the proposed architectures to SNN architectures
from the literature.
Accuracy of CustomResNet-9 trained on CIFAR10. The proposed approach

under dynamic scaling with hardgating and softgating architectures have almost the

93



4.3. Experiments and Discussion

same accuracy; 88% with hardgating and 89% with softgating. This shows that many
computations at deeper layers can be skipped (by hardgating) without affecting the
accuracy.

The proposed approach under constant scaling (of 4) and softgating has an accuracy
of 80%. This implies that for this architecture and dataset, specialization at early layers
leads to a reduction in accuracy. In other words, early layers produce features that are
not very dependent on the semantics of the input compared to deeper layers.

In comparison with similar SNN architectures from the literature, the proposed
approach under dynamic scaling has close accuracy to the SNN architectures of similar
sizes such as CustomResNet-9 [56] (90%), ResNet-12 [55] (90%) and VGG-16 [34] (87%).
This shows that the concept of gating and computation skipping does not negatively
affect the accuracy.

The proposed architecture under constant scaling has a reduced accuracy compared

to the SNN architectures in the literature, but a similar accuracy to the CustomResNet-
9 architecture with earlier work in task specialization [56] (80% for both architectures).
The proposed approach under constant scaling is architecturally similar to the earlier
approach in task specialization, except that a gating function is used in the proposed
architecture. This implies that the adaptive weighting of experts’ output in every time
step has a negligible impact on the accuracy.
Accuracy of 6FC layers trained on fashion-mnist. The proposed approach with
all tested architectural variations has a similar accuracy (around 81%). This shows that
for some architectures, the type of scaling has a negligible impact on accuracy. Similar
results were reported in the earlier work in task specialization [56]: Two simple two
fully connected architectures were trained on mnist and Google speech commands, and
their accuracy results do not degrade when task specialization is applied.

In comparison to SNN architectures from the literature, the proposed approach has
a similar accuracy to the accuracy of 6 FC layers [82] architecture (82%), which has a
similar architecture size to the tested proposed architectures.

Summary of accuracy results:

e The proposed approach with hardgating function produces similar accuracy to the
same architecture with softgating function. This shows that computation skipping
(including skipping the corresponding memory operations) has a negligible impact

on accuracy.

e Dynamic scaling of the SNN layers improves the accuracy for relatively wide and

deep convolutional architectures, while does not have an impact on simple fully

o4



Chapter 4. Improving the Specialization by Per-Layer Specialization

connected architectures.

e Constant scaling with the direct encoding of the inputs produces similar results
in accuracy to the earlier work in task specialization [56]. This emphasizes that
the accuracy degradation in the previous work in task specialization was highly a

consequence of the constant specialization in all SNN layers.

Inference Efficiency

Fig. shows the inference latency of running different SNN architectures on Intel(R)
Xeon(R) Gold 6252N CPU. The latency here represents the average latency per sample
when executing the architecture at different batch sizes. The whole batch is executed
per layer, such that every layer is processed for all samples in the batch. The batch
sizes in our experiments were tuned from 1 to 500 as shown in Fig. [£.4]

Efficiency of CustomResNet-9 trained on CIFAR10. The hardgating architec-
ture is more efficient than the softgating and the baseline architectures. This efficiency
gain in the hardgating is a result of skipping computations and memory operations. The
softgating and the baseline architectures have close efficiency at lower batch sizes. The
computations required for both approaches are similar except that, in the softgating
architecture, there is an overhead for the gating function. In terms of memory overhead,
with small batch sizes, the size difference of the intermediate results for both softgating
architecture and the baseline architecture is negligible. This explains the close latencies
of both architectures with small batch sizes; note that the latency of the baseline archi-
tecture is even better in some cases because of the additional computations introduced
by the gating function in the softgating architecture.

At higher batch sizes, the softgating architecture starts to be more efficient and the
gap increases with larger batch sizes. With larger batch sizes, the impact of memory in
the intermediate layers becomes critical. In softgating architecture, the results of the
smaller feature maps allow them to utilize better the memory hierarchy of the hardware,
and hence it outperforms the baseline architecture. This utilization is also higher for the
hardgating architecture. It is worth mentioning that the variation in efficiency because
of increasing batch size is similar to increasing width of the network architecture or
reducing size of the hardware memory.

In all architectures, the latency starts high, then starts to decrease, then starts to
increase again at higher batch sizes. With smaller batches, the overhead of loading the

model parameters is high relative to the size of the input and output of every layer.
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Figure 4.4: Inference latency per sample with different input batch sizes. (a) Shows the
latency for architectures trained on CIFAR10 dataset, while (b) shows the latency for
architectures trained on fashion-mnist dataset.
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In contrast, a large batch size leads to inefficient utilization of the memory as data are
shuttled more frequently between different memory levels. A perfect fit of the batch
sizes, which depends on the hardware and the network architecture, is between these
two extreme cases.

Inference efficiency of 6FC layers trained on fashion-mnist. The baseline ar-
chitecture is better than the softgating and hardgating architectures. In these rela-
tively small architectures (compared to the hardware memory), the difference between
the number of features in every layer is considered negligible; i.e., every layer has a
maximum of 300 neurons. Therefore, the compute and branch operations become the
dominant operations in latency, in which the gating functions of the gated architectures
become critical.

The hardgating architecture is faster than the softgating architecture. This is be-
cause of the skipping of computations and memory operations. In all architectures, the
latency starts high with small batch sizes, then it starts to decrease when increasing
the batch size up to a point where the latency saturates. This is different than the
CustomResNet-9 architecture, where in 6 FC layers architecture, all features in every
layer fit in the hardware memory.

Summary of inference efficiency results:

e The efficiency of the proposed approach depends on the complexity of the SNN
architecture, the availability of the hardware resources, and the size of the input
batch.

e The benefit of the proposed approach appears when at least one of the following
conditions is met: the SNN architecture is deep and wide, the hardware memory

resources are small, or the batch size of the input data is large.

e When none of these conditions are met, the impact of the gating function in the

proposed approach becomes critical.

Memory efficiency and gating pattern

Fig. [4.5presents the memory required for the memory potential variables in a single step
for (1) a non-specialized CustomResNet-9 architecture (baseline) and for (2) the same
architecture with specialized layers (with dynamic scaling and hardgating function). In
the first layer, both architectures use the same amount of memory for the membrane

potential variables. This is expected because the specialized architecture uses only one
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expert of the same size as the first layer in the non-specialized baseline architecture.
The difference between the memory required by the two architectures increases with
depth. For example, the second layer in the proposed architecture uses almost half of
the memory required by the baseline architecture. This difference increases in layer
6, such that the proposed architecture uses 1/8 of the membrane potential memory
of the baseline architecture. This increasing difference is due to the increased level of
specialization in deeper layers in the proposed architecture. Finally, Fig. shows that
the proposed architecture requires in every time step less than one-third of the total
membrane potential memory required by the baseline architecture. This means that the
proposed architecture requires almost one-third of the memory required by the baseline
architecture when executed by maintaining all membrane potentials in memory. Note
that this is under the assumption that the same expert is activated in every time step.

Fig. presents a scattered plot for the activated expert in different layers for
different classes in CustomResNet-9 architecture trained on CIFAR10. In every layer,
some experts are used by samples from different classes. This can be especially seen in
the early layers which have a smaller number of experts. In deeper layers, such as layer
8, the activated experts become more dependent on the class of the input.

Fig. shows the activated experts in every step for different layers for samples
from different classes. In the early layers, almost the same expert is activated in every
step for the same sample. This implies that the required memory for the membrane
potentials is equal to the membrane potentials’” memory required by a single expert.
In deeper layers, such as layer 8, every sample may activate more than one expert in
different time steps. However, the results show that the number of activated experts
during all time steps does not exceed two experts. This means that the deeper layers
require on average 1-3x of the memory requirement of a single expert. Therefore,
the proposed approach allows for saving in memory required for membrane potentials
proportional to the number of experts; i.e., the higher the specialization in the layer,
the higher the savings in the memory.

Summary of memory efficiency and gating pattern results:

e The results show around 3x saving in the memory required by the membrane

potentials in comparison with a non-specialized SNN of the same architecture.

e The activated experts in deeper layers are more dependent on the class of the

input data.
e The gating pattern (the activated expert) is fixed in almost every step for the
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same input. As a result, the saving in the memory is linearly proportional to the

number of experts.

e The results implicitly show that the proposed approach could benefit better from
the data locality in a hierarchical memory as almost the same expert is activated

in every time step.

Recall: What is the quantified gain in terms of processing efficiency when

reducing the memory overhead of an SNN?

The per layer specialization improves the runtime memory requirements by 3x.
It also improves the processing efficiency in terms of inference latency (on CPU)

by around 3x.

4.4 Conclusion

We proposed in this chapter the specialization of tasks per layer in SNNs. This approach
combines concepts from the sparsely gated mixture of experts and task specialization to
improve the processing efficiency of SNNs. The proposed approach is capable of improv-
ing the processing efficiency of SNNs while maintaining accuracy without introducing a
training burden compared to the previous work in SNN task specialization. Our results
showed that the proposed approach has a similar accuracy to similar state-of-the-art
architectures. In addition, our approach showed improvement in processing efficiency of
3x for CustomResNet-9 architecture. Our results also showed that the overhead of the
gating function increases when the size of the intermediate features are small compared

to the size of the hardware memory.
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Chapter 5

Utilizing Spiking Neurons of Higher

Dynamical Complexity

This chapter introduces the approach of utilizing the spiking neuron’s dynamical prop-
erties for efficient feature extraction. Although this work focuses on the neuron level,
it will be used in the next chapter to design narrow SNNs. This chapter starts with
presenting the potentials of sequential processing in terms of memory overhead (Q4)),
then presents the challenges of sequential processing. This chapter shows the limitation
of the leaky integrate-and-fire (LIF) neuron model. The LIF neuron model is commonly
used in the literature of SNNs due to its computational simplicity. However, this comes
at the expense of omitting the complex temporal dynamics of the spiking neuron, which
limits it from extracting complex temporal features. In this chapter, we exploit the tem-
poral dynamics of the biologically plausible spiking neurons for efficiently process static
images. We also present some results that show the capability of a single spiking neuron
in processing digital signals sequentially. The content of this chapter is included in the
following paper: Muath Abu Lebdeh el al. “Memory-Efficient Spatiotemporal Convo-
lutional Spiking Neural Networks for Vision Applications,” paper under submission to

the IEEE Transactions in Emerging Topics in Computational Intelligence.

5.1 Introduction

The previous chapters showed the importance of specialization in reducing the number
of feature maps in convolutional SNNs. This results in reduced memory overhead
and hence improved processing efficiency. This chapter introduces a new direction

that utilizes the intrinsic properties of the SNNs to reduce the memory size of the
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intermediate feature maps, and hence reducing the overall memory overhead. In this
approach, the input image is divided into 2D patches that are applied sequentially as
tokens to the SNN. The spatial structure of the SNN extracts the local features in every
token, while the temporal dynamics of the spiking neuron extracts the global context
(global relationships) between different tokens. This results in reducing the size of every
feature map in intermediate layers, and hence reducing the memory overhead.

On the other hand, it is challenging to use the LIF neuron model to extract complex
global contexts. In this chapter, we propose the use of more complex and biologically
plausible spiking neurons to allow the extraction of complex temporal features. This
paves the way to introduce SNN architectures ( that allow for narrow dataflows and

hence a reduced memory overhead. The contributions of this chapter are:

e Exploiting the temporal dynamics of biologically plausible spiking neurons in

sequential processing of static images.

e Presenting empirical results that show the capability of a single spiking neuron in

sequentially processing digital signals.

5.2 Proposed Solution: Efficient Processing Utilizing
the Temporal Dynamics of the Spiking Neuron

This section presents first the challenge of sequentially extracting features from im-
ages. Then, it presents the limitations of the LIF neuron dynamics to extract complex
temporal features. After that, it proposes the use of the adaptive exponential leaky
intergrate-and-fire (AdEXLIF) spiking neuron. Finally, it described the capability of
AdExLIF in sequentially processing images.

5.2.1 Challenge of Extracting the Global Context Utilizing the
Temporal Dynamics of the Spiking Neuron

Extracting the global context using the temporal dynamics of the spiking neuron is
challenging. This challenge has been addressed using various approaches in the SNN
literature [64], 125, [128]. However, these approaches violate our design constraints of
having small intermediate results in the intermediate layers. These approaches rely on
the idea of extracting the global context using spatially wide network architectures.

For example, in the self-attention mechanism approach [128], the local features are

64



Chapter 5. Utilizing Spiking Neurons of Higher Dynamical Complexity

extracted first (and maintained in memory), then these features are concatenated in
QKT matrices to spatially extract the global context. Even though the extracted local
features may have a smaller size than the size of image patches, this does not improve
the memory overhead of the SNN, especially with a large sequence of patches. In our
approach, we are constrained by our design to extract the global context only using the
temporal dynamics of the spiking neuron. Next, we analyze the temporal dynamics of

the spiking neurons to understand their limitation in global feature extraction.

Recall: What is the relationship between dynamicity and memory effi-

ciency?

The size of the intermediate layers increases the number of spiking neurons which
increases the memory overhead. In image application, applying the image se-
quentially reduces the size of the intermediate layers, which results in a lower
number of spiking neurons. This pushes us to utilize the dynamical properties
of the spiking neurons (increasing the utilization of every spiking neuron in the
SNN). In other words, utilizing the dynamicity of the spiking neuron reduces the

memory overhead of SNNs.

5.2.2 Temporal Dynamics of LIF Spiking Neuron

The (LIF) neuron is a widely used neuron model in the SNNs. This neuron model
is simple in terms of computations and memory requirements, making it desirable for
simulation of SNNs. On the other hand, this computational simplicity comes at the
expense of sacrificing the rich temporal dynamics of the spiking neuron, which makes
them unsuitable for extracting global context temporally. To illustrate this, we analyze
the spiking neuron as a digital system that has linear and non-linear temporal dynamics.
The linear temporal dynamics (sub-threshold dynamics) of the LIF neuron is mod-
eled by the following ordinary differential equation:
Tu% = —gru+1 (5.1)
where u is the membrane potential variable, g, is the leakage constant, 7, is the
time constant and I is the (weighted) input current. These linear dynamics are digitized
for deployment in digital hardware. For simplicity, we use Euler method to digitize as

following;:
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du
ult + 1) = uft] + 5% (5.2)

Substituting Eq. in Eq. 5.2 and for simplicity assuming 7, and § equal to 1, we
get:

ult+ 1] = (1 — gp)ult] + I[t] (5.3)

This difference equation represents u before reaching a threshold value uy,. When u
reaches uy,, v value resets non-linearly. For example, the reset can be setting u to zero.
The linear frequency response of the spiking neuron can be extracted by representing

the membrane potential in the z-domain as follows:

Z—l

1= (1—gp)z7!

The transfer function shows that the linear dynamics of the LIF neuron has one

H(2) (5.4)

pole at 1 — g7, which can viewed as a low pass filter of signals (discrete-time multi-
amplitude signals). Fig. shows the frequency response of the linear dynamics of
the LIF neuron. As can be seen from the figure, changing the g; does not change the
cutoff frequency of the neuron. One can utilize the nonlinear dynamics in the LIF to
change the cutoff frequency of the neuron; e.g., using a higher wuy;, allows for moving
the cutoff to lower frequencies. However, this is not applicable when the input is a
composite of different frequencies, as a different uy, is required for a different number
of composites. This shows that the LIF neuron is very limited in extracting temporal
features. Therefore, an SNN relying on LIF neuron model requires spatial extraction

of features to compensate for the limited temporal dynamics in the LIF neuron model.

5.2.3 Higher Complexity Spiking Neuron for Global Context

Extraction

The LIF spiking neuron model is a simplified model of the biological neuron model.
Biologically plausible models (such as the Hodgkin—Huxley model) are more complex in
terms of the nonlinearity of the temporal dynamics and the number of state variables. In
our work, our aim is to use a neuron model that has a complex temporal dynamics while
having simple computational and memory requirements. TThe Adaptive Exponential
Leaky Integrate-and-Fire (AdExXLIF) neuron [I1I] is a spiking neuron model that is

described by two state variables as follows:
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Figure 5.1: The theoretical linear frequency response of the LIF spiking neuron; the
magnitude of the linear frequency response of the neuron.

du u— W
Tua = —gru—+ grArexp ( ATT) —y+1 (5.5)
dy
Ty% =au—y (5.6)

where y is the second state variable known as the adaptation variable, a is the
adaptation constant, and g, Ar exp (%) is the exponential growth of the membrane
potential when it is close the the threshold value (V7). In our experiments, we neglect
the exponential term by setting V to a very high value. Note that we immediately
reset u and y once u reaches the non-linear threshold u;,. As done for LIF neuron, the

linear dynamics of the AdEXLIF neuron is described in z-domain as follows:

Z—l

T 1- (1—gp)z7t+az?
The temporal linear dynamics of the AdEXLIF neuron are richer than the LIF

H(z)

(5.7)

neuron. Fig. shows the frequency response with varying a and fixing ¢;. This
shows that the AAEXLIF works as a band pass filter that passes frequencies at different
gains depending on the value of a. With proper choice of the nonlinear threshold

ugp, this allows the AAEXLIF to behave as a bandpass filter with different frequency
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Figure 5.2: The theoretical linear frequency response of the AdExXLIF spiking neuron.

gr, was fixed to 0.8 and a is tuned from 0 to 0.9. This shows that AAExXLIF can be tune
to band widths of temporal features.
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Figure 5.3: The theoretical linear frequency response of the AdExXLIF spiking neuron.
a was fixed to 0.8 and gy, is tuned from 0 to 0.9. This shows that AdEXLIF can be tune
to detect different ranges of temporal features.
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Figure 5.4: The theoretical linear frequency response of the AdEXLIF spiking neuron.
a was fixed to 0.99 and gy is tuned from 0 to 0.9. This shows that AdExXLIF can be
tune to detect narrow range of temporal features.

bandwidths. Fig. [5.3] shows that the frequency band of specific a can be shifted to
fit a desired band. Finally, shows that with a values close to 1 (e.g., 0.99), the
AdEXLIF behaves as a notch filter, where very specific features can be detected by a
single neuron. This diversity of linear temporal dynamics of the AdExLIF shows that a
more biologically-plausible neuron is capable of extracting complex temporal features.
In our work, we use this family of spiking neuron model to process images sequentially

in patched way to improve the processing efficiency of the SNNs.

5.2.4 Sequential Processing of Images using AdExLIF

The main idea of our approach is to reduce the size of the intermediate results within
a convolutional SNN by processing the image sequentially. In the most extreme case,
one neuron can be used to process the whole image, where the image is applied pixel
by pixel to the spiking neuron. Although few computational resources are used (one
neuron), a relatively complex visual features can be extracted. To understand the
capability of the AdExXLIF neuron to extract visual features sequentially, we analyze
its impulse response. Fig. shows the main category of impulse responses of the

AdEXLIF neuron. The impulse response is simply produced by applying an impulse as

69



5.2. Proposed Solution: FEfficient Processing Utilizing the Temporal Dynamics of the

Spiking Neuron

1.0 A 1.0 A \
0.8 0.8 1
0.6 0.6 4
0.4 0.4 4
0.2 4 0.2 A1
0.0 - N 0.0
—0.2 4 —0.2 4
—0.4 1 —0.4 4
—0.6 - —0.6
o 10 20 30 40 50 60 70 80 90 100 o 10 20 30 40 50 60 70 80 90 100
time step time step
(a) differentiator; narrow window; a=0.9, gL.=0
1.00 A 1.00 A '1
0.75 A 0.75 A
0.50 A 0.50 A
0.25 A 0.25 A
0.00 A 0.00 A
—0.25 4 —0.25 4
—0.50 4 —0.50 A
—0.75 4 —0.75 4
o 10 20 30 40 50 60 70 80 90 100 o 10 20 30 40 50 60 70 80 90 100
time step time step
(b) differentiator; wide window; a=0.99, gL.=0
1.00 A 1.00 A 1
0.75 A 0.75 A
0.50 A 0.50 A
0.25 A 0.25 A
0.00 A 0.00 A
—0.25 4 —0.25 4
—0.50 A —0.50 A
—0.75 4 —0.75 4
(o] 10 20 30 40 50 60 70 80 90 100 [o] 10 20 30 40 50 60 70 80 90 100
time step time step
(c) differentiator; wide window; a=0.9, gL.=0.9.
1.04 @ 1.0 4
p
0.8 p 0.8
p
p
0.6 > 0.6
0.4 0.4 A
0.2 0.2 1
0.0 - 0.0
o 10 20 30 40 50 60 70 80 90 100 (o] 10 20 30 40 50 60 70 80 90 100

time step

time step

(d) integrator; a=0, gL.=0.1.

Figure 5.5: Different impulse responses (membrane potential response to an impulse)
of the AdEXLIF spiking neuron.
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an input and meauring the membrane potential as an output. The linear response of
the AdExXLIF neuron is equivalent to convolving an input sequence with the impulse
response. It is important to note that we do not convolve the sequential image with the
impulse responses in Fig. [5.5], but this helps us understanding the theoretical potential
of the spiking neuron in processing a sequenced image.

Fig. [5.5al [5.50] and [5.5¢] show that the AdEXLIF behaves as a differentiator. In
Fig. the AdEXLIF behaves as a narrow window differentiator. If an image is
sequentially applied to this AAEXLIF, pixel by pixel with the adjacent pixels in the same

row being applied subsequently, the sequentially produced output is filtered image with
amplified vertical edges. In Fig. [5.5D] this differentiator has a wide impulse response,
allowing the AdExXLIF to extract both vertical and horizontal edges. In this case,
the vertical edges will have a higher amplitude than the horizontal ones. One can
think of this neuron as an integrator of weighted image gradients, where the weights
are exponentially decreasing. In other words, this AdEXLIF passes the input image
except some specific features. This has an opposite effect compared to the narrow
window differentiator that passes only specific features while filtering out the rest of
the features. Fig shows also a wide differentiator but with a different frequency.
This allows the AdEXLIF to filter out different features from the image. Another type
of responses is shown in in Fig. [5.5d] This AdEXLIF behaves as an integrator, which
allows filtering out high frequency features (an approximation of a gaussian filter).

It is worth mentioning that the types of the extracted features depend on the way
the pixels of the input image are sequentialized. For example, applying the pixels
sequentially row by row to a narrow window differentiator detects vertical edges, while
applying them column by column detects horizontal edges. In addition, sub-sampling
the input image affects the extracted features. Ideally, a sufficiently complex non-linear
sub-sampler allows the AdexLIF to extract any visual feature sequentially. In this work,
we restrict ourselves (for simplicity) to apply the image pixel by pixel in a horizontal

way without any sub-sampler.

5.3 Experiments

The presented results of this section are based on the AdExLIF spiking neuron. In all
results the exponential term of the AdExXLIF was neglicted by setting Vi to 100. The
LIF neuron is realized from the AdEXLIF model by setting the adaptation constant (a)
to zero. In all experiments, the input signal (whether it is a sinusoid or an image) is

applied to the neuron sequentially; every sample point (e.g., pixel) is applied at every
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time step to the neuron. Next, we present the results in detail.

5.3.1 Transient Response

Fig. shows the transient response of an AdExXLIF neuron (parameterized with
g9=0.5, a=0.99 and uy,=30) at different sinusoidal input frequencies. This neuron
was designed to notch a narrow range of frequencies (passes frequencies tightly around
210Hz). The figure shows the output spike, highlighted as a red impulse, with the
input sinusoid (the constant oscillation which is highlighted in blue) and the membrane
potential state variable (the varying-amplitude oscillation which is highlighted in green).
Fig. shows the neuron when it detects the input frequency. The neuron fires a spike
after every number of sinusoidal cycles. This means one spike carries two information:
the input frequency (that the neuron is designed to notch) and the number of cycles
(that the neuron is also designed to detect). The number of cycles per spike can be
used to represent the frequency durability (the amount of time a frequency component
persists in a signal). The number of cycles per spike can be changed by changing the
spiking threshold (u,) of the neuron. This can be understood from the membrane
potential, where the oscillation in the membrane potential increases until it reaches
ug, and then resets. The increasing oscillation in membrane potential is caused by
the adaptation, where the neuron tries to adapt to the constant sinusoid by increasing
the adaptation state variable, which causes this increasing oscillation. Fig. and
5.60c| show the transient response of the neuron when the input sinusoid is out of the
notched frequencies range. In both figures, the neuron does not output any spike. The
membrane potential in both cases oscillates in increasing way then starts to damp. In
fact, this is also caused by the adaptation variable, while in this case the maximum
amplitude of the membrane potential does not reach u;,. This makes the membrane
potential oscillate in both increasing and decreasing ways.

Fig. shows (in comparison) the transient response of the LIF neuron. These
parameters are the same as the previous parameters for AdExXLIF except that the
adaptation constant is set to zero (a=0). The LIF neuron is a one pole non-linear filter
that could behave as a low pass filter. In this example, we chose a passed frequency
component to compare the LIF transient response with the AdExXLIF. The first main
difference can be seen in what a spike represents in the two neurons. In LIF, if the input
sinusoid is within the neuorn’s pass range, the neuron outputs a burst of spikes at every
cycle. This shows that the AdEXLIF neuron has a sparser representation of extracted

information. In addition, a spike in AdEXLIF neuron can be used to represent signal
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Figure 5.6: Transient response of an AdExXLIF neuron parameterized with g;=0.5,
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ables to zero when outputing a spike. 73
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Figure 5.7: Transient response of the LIF neuron parameterized withg;,=0.5 and
u,=0.8. The neuron resets the membrane potential and adaptation variables to zero
when spike.

durability, while this is not possible with one LIF neuron. On the other hand, the LIF
neuron can be more robust to errors such that a single sinusoidal peak is represented
by a burst of spikes.

Fig. shows the transient response of the AdExLIF neuron (parameterized at
a=0.8, g,=0.8, u;,=2) for a long period of time. When the neuron operates in the
pass mode (in the range between 175Hz to Q?5Hz), the neuron’s spiking output is
periodic. This means that the AdExLIF transforms a periodic sinusoidal signal to a
periodic spiking signal. The frequency of the output signal is linearly proportional to
the frequency of the input signal. In fact, this shows that the AdExLIF neuron can
operate as a compressor (a modulator) of single-frequency signals. In addition, at the
cutoff frequencies of the AdEXLIF neuron, the neuron behaves unexpectedly for a short
range of frequencies. This is due to the dynamical complexity of the AdExXLIF neuron.
From engineering perspective, this degrades the reliability of the produced outputs in
AdEXLIF. In the next section, we deal with this problem by increasing the adaptation

constant and using multiple neurons.

5.3.2 Frequency Response

Fig. 5.9 shows the frequency response of ten AAEXLIF neurons that vary in the leakage
constant (gr,). To test the temporal frequency extraction capability of the AdExLIF, we
decided to use a relatively narrow band AdExLIF. Therefore, we used a high adaptation
variable (a = 0.99) and a high firing threshold (u;,=30). The sampling frequency of
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Figure 5.8: Input frequency to output frequency mapping of AdEXLIF (parameters:
a=0.8, g,=0.8, uy,=2). This shows the transient response of an input sinusoid that
persists for long period of time. The neuron spiking output is also periodic, where an
a periodic sinusoidal signal is transformed to a periodic spiking signal.

the input sinusoid is 1000Hz. As can be seen from the figure, the 10 AdExXLIF neurons
detect 10 different narrow frequency bands. In this example, these frequency bands
were manually chosen not to overlap with each other; the width of this band can be
changed by tuning a and w,. These 10 neuorns can be seen as a frequency decomposer.
The detection range of this frequency decomposer is limited between 150Hz and 250Hz,
with 10 different frequency bands.

We extended the detection capability of this frequency decomposer by shifting the

frequency of the input signal by a consine mixer as follows:

1
cos(27 fin) cOS(27 fenin) = 3 [ cos (27 (fin — fonite))
+ cos (27 (fin + fonite))] (5.8)
where f;, is the input frequency and fg,r is the shift value in the input signal.

Note that this is a double side shift, where the input is shifted in positive and negative

directions. However, this can be neglected as we can choose the operating range of the
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Figure 5.9: experimental frequency response of a frequency decomposer example;
AdEXLIF: a=0.99, u,=30, V=100

decomposer to be [0,0.25Fyqmpic)-

Fig. shows the frequency response of a frequency decomposer made of 25
AdEXLIF neurons. The dection range of this decomposer is between [0, 250Hz| (with a
sampling frequency of 1000Hz). The first 10 neurons are the same as the base frequency
decomposer (shown in Fig. but with shifting the input signal to all these neurons
by 0.16 Fsample (160Hz). The next five neurons are the same as the first five neurons
in the base frequency decomposer but shifted by 0.0897 Fsqpmypie (89.7Hz).

These results show the richness of the temporal dynamics of the AdExLIF neuron.
The AdEXLIF neuron computationally differs from the LIF neuron by only one state
variable (the adaptation variable), while it functionally has a much richer temporal

dynamics.

5.3.3 Sequential Convolving of Images

We applied images to the AdEXLIF sequentially as a 1D signal, such that a single
AdEXLIF neuron is used to filter a whole image. Our experiments show that by only
varying the leakage constant (¢gr,) and the spiking threshold (uy,), we can extract vertical
edges and horizontal edges. Fig. shows the linear impulse response of the 10
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Figure 5.10: experimental frequency response of a frequency decomposer example; 3 de-
composers; cosine mixer (input frequency shifter); AdExXLIF: a=0.99, vth=30, VT=100

convolving neurons
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Figure 5.11: impulse responses of 10 different neurons, parameterized with fixed a
(=0.9) and varying gL from 0 to 0.9
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Figure 5.12: Image processed sequentially (pixel by pixels) by the neurons with impulse
responses in previous Fig. (location of the output image is filtering with the neuron
with the corresponding location in Fig. [5.11]).
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AdEXLIF neurons used in our experiments.

Fig. shows different images filtered sequentially by the AdExXLIF neuron. We
used three different images to visualize the feature extraction capability of AdExLIF:
sinusoidal frequency sweep in the vertical direction, sinusoidal frequency sweep in the
horizontal direction, and sinusoidal frequency sweep in 2D. Each output image is pro-
cessed by one AdEXLIF neuron, with the parameters shown at the corresponding loca-
tion in Fig. [5.11}

Fig. shows the detection of vertical lines at different frequencies. This figure
shows that neurons of different parameters is capable of detecting different features. In
all output images, the low frequency components are blocked. The neurons with higher
g1 detects edges of higher frequencies (thinner lines). Fig. shows the detction of
horizontal lines at different frequencies. In this case, we can see that the low frequency
features are passes by some neurons. Even though the neurons here have the same
parameters as in the image of vertical lines, the orientation of the lines in the image is
different. This shows the importance of the way pixels are applied to the neuron (in
our experiments, pixels are appled sequentially in the horizontal direction). This can
be observed better in Fig. and Fig. 5.12d} In these figures, frequency components
in both directions are merged in the same input image. The only difference between
Fig. and Fig. [5.12d]is the non-linear threshold wuy,. When uy, threshold is higher,
the neurons tend to pass higher frequencies. In addition, in both figures, the passed
frequencies are amplified or attenuated depending on their orientation. The passed
vertical frequencies are amplified, while the passed horizontal lines are attenuated. The
attenuation of horizontal lines increases when increasing u,. Note that by superposition
(linear combining the output images from different neurons), one can extract more

complex visual features.

Fig. [5.13] shows the impact of the non-linear dynamics of the AdEXLIF neuron
on the response of the filter. Fig. [5.13a] the neuron has a higher threshold that
prevents the neuron from firing. You can see how the impact of IIR filtering (with
a wide impulse response) distorts the visual information in the image (see the linear
response in membrane potential). In Fig. the neuron has a lower wu;, which
allows the neuron to spike and reset the membrane potential. This non-linear resetting
of membrane potential maintains the visual information and hence stabilizes the neuron

response. This makes the spiking neuron attractive in comparison to the known linear
IIR filters.
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membrane potential output spikes

(a) ugy,=2 (without non-linear reset)

output spikes

membrane potential

(b) u=1 (with non-linear reset)

Figure 5.13: Transeint response: AdExLIF neuron, g;=0.5, a=0.99, us, =30, reset to
zero when spike

5.4 Conclusion

This chapter presented the capability of the spiking neuron to process signals in a
temporal (sequential) fashion. The chapter showed the limitations of the LIF spiking
neuron to extract complex temporal features, Then, the use of AAEXLIF as a spiking
neuron with more complex temporal dynamics were proposed. The results showed that
AdEXLIF is capable of extracting a wide range of information from temporal signals
such as a narrow range of frequency, frequency duration, sinusoidal to spiking frequency
conversion and sequential image processing. This allows the AdExXLIF neuron to be
utilized in a more flexible network architectures that allows us to design a memory
efficient networks. The next chapter utilizes the dynamical complexity of this type of

spiking neurons to design memory-efficient SNN architectures.
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Chapter 6

Spatiotemporal Convolutional Spiking
Neural Networks for Memory-Efficient

Processing

This chapter aims to exploit the dynamical properties of the spiking neuron to structure
SNNs to process static images in a memory-efficient way (answer to . We propose a
spatiotemporal convolutional approach that processes static images as a sequence of 2D
patches. We show that processing images as a sequence of 2D patched images allows for
better use of the hardware platform based on its memory resources. Our results show
that the temporal dynamics of the spiking neuron is a unique feature in SNNs, which
play an important role in their memory overhead and hence processing efficiency. The
content in this chapter is included in the following paper: Muath Abu Lebdeh el al.
“Memory-Efficient Spatiotemporal Convolutional Spiking Neural Networks for Vision
Applications,” paper under submission to the IEEE Transactions in Emerging Topics

in Computational Intelligence.

6.1 Introduction

The previous chapter shows the dynamical richness of complex spiking neurons in ex-
tracting spatial features. This dynamical property increases memory overhead at the
neuron level. On the other hand, this property can be utilized to process images in a
spatiotemporal way, allowing for memory efficient networks.

As discussed in earlier chapters, the dynamical property of the spiking neuron was

viewed as a memory overhead, which requires additional techniques and approaches to
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reduce it. In this chapter, we exploit the dynamicity of the spiking neuron to reduce
memory overhead without introducing any spatial architectural ideas such as those
described in the literature [56], 57, 48, 38, 38, 85, [73, 105]. Some works studied the
dynamicity of the spiking neuron and applied it to different applications [77, 36, 27,
941, 142), 13, 166]. However, these solutions do not investigate the relationship between the
dynamicity of the spiking neuron and the memory overhead.

In this chapter, we propose an approach to reduce the memory overhead of the SNN
in vision applications by utilizing the dynamicity of the spiking neuron. The proposed
approach uses a spatiotemporal convolutional block to process images in a sequential
manner. This reduces the memory overhead of SNNs and improves their processing
efficiency depending on the hardware memory resources. The contributions of this

chapter are as summarized following:

e We propose a spatiotemporal convolutional network that processes an image se-

quentially utilizing the intrinsic properties of the spiking neuron.

e We present empirical findings on the trade-offs that sequential processing in SNN

provides under different hardware memory resources.

6.2 Proposed Solution: Spatiotemporal Convolutional
SNIN

6.2.1 Proposed Network Architecture

This section presents the proposed network architecture. It starts by describing the
proposed network architecture and justifying the design choices. Then, it presents the
restrictions imposed on the AAEXLIF neuron to stabilize the network training using the
BPTT.

As the memory overhead is the main bottleneck, especially in SNNs, we aim to
designing a network architecture that reduces the memory overhead. In this context,
the memory overhead is improved in terms of utilization of a hierarchical memory
system, the maximum runtime memory and the offline storage requirement. To ensure
that an SNN has a reduced memory overhead, we impose the following restrictions on

the network design:

e Reduce the size of feature maps: In convolutional SNNs (CONV-SNNs),

every intermediate layer has several feature maps as inputs and several feature

82



Chapter 6. Spatiotemporal Convolutional Spiking Neural Networks for
Memory-Efficient Processing

maps as outputs. Every output feature map requires processing of all input feature
maps. In other words, every input feature map is re-used for the next output
feature map only when all other input feature maps are processed for the current
output feature map. The size of the memory required to hold all input feature
maps is the reuse distance which is inversely proportional to the utilization of a
hierarchical memory system. Therefore, reducing the size of the feature maps in
the intermediate layers of a CONV-SNN improves the utilization of hierarchical
memory, potentially improving the processing efficiency of the SNN. In addition,
reducing the size of the feature maps results in a reduced number of spiking
neurons. This has an impact on runtime memory and on the utilization of the

memory hierarchy.

e Use the inherent properties of the SNN: At the neuronal level, the SNN is
computationally complex enough compared to standard ANNs. Instead of bor-
rowing architectural concepts from ANNs, we aim to utilize the dynamicity of
the spiking neurons to process data temporally. In other words, we do not want
to introduce any (spatial) architectural biases to the SNN, except using the con-
volutional kernel as a famous architectural bias for vision tasks. This allows us
to use the functional properties that a spiking neuron offers rather than keeping
them idle. Note that here we also want to maintain the SNN capability of in-
tegrating (spatial) architectural concepts from ANNs. Therefore, we choose the

CONV-SNN as a use case of our proposed approach.

Below we describe the design choices made with restrictions mentioned previously:

e An input image is processed in spatial and temporal dimensions. The 2D image
is divided into smaller 2D patches: E.g., in Fig. [6.1] 28x28 image is divided into
7x7 patches. In this example, the total number of patches is 16.

e As the CONV-SNN is capable of processing temporal data, one patch is applied
at every step as shown in Fig. [6.2l In our example, the CONV-SNN processes
the image in 16 steps (a 7x7 patch is applied in every step).

e Every patch is processed spatially by the spatial convolutional kernel, while the
spiking neuron temporally processes the sequence of patches as shown in Fig. [6.3]
This means that the spatial convolution kernel extracts the local features in the
image, while the spiking neuron extracts the global contexts from the spatially

extracted local features.
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Figure 6.1: An example of patching an MNIST image. This 28x28 image is patched into
4x4 (16) patches, each of 7x7 (49) pixels. The local feature in every patch is extracted
spatially, while the global features between different patches are extracted temporally.
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e Computationally, allowing the spiking neuron to extract the global context in the
image reduces the memory overhead. At every step, the intermediate layers have
smaller results in terms of the memory required. This results in a reduced runtime
memory, which reduces the cost of the host hardware. In addition, the smaller
size of each feature map means that the number of neurons used in every layer is
reduced, which reduces the number of the trainable parameters in the SNN model.
This also reduces the runtime memory required to store the spiking neurons’ state
variables. Finally, the reduced size of the intermediate results allow them to fit

better into local memories, and hence utilize better a hierarchical memory system.

e Therefore, the proposed solution is expected to improve the overall processing

efficiency the SNN as well as reducing their cost when deployed on hardware.

In this solution, we are constrained by our design to extract the global context only

using the temporal dynamics of the spiking neuron.

Recall: Q5 How the dynamicity of the SNN can be utilized to reduce the

memory overhead?
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Figure 6.2: The proposed spatiotemporal convolutional SNN (CONV-SNN) architecture
processes an input image as a sequence of 2D patches (tokens). This reduces the memory
required for the intermediate results. This architecture extract the global visual context
temporally, utilizing the intrinsic temporal dynamics of the spiking neuron.
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Figure 6.3: The spatiotemporal spiking convolutional layer consists of two types of
convolutions. The FIR spatial convolution is used to extract the local context from
every 2D patch. The IIR temporal convolution is used to extract the global context
from the spatially processed sequence of 2D patches.
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The proposed CONV-SNN process an image as a sequence of patches. The dy-
namicity of the spiking neurons are utilized to extract the global context in a
temporal manner. This increases the utilization of the spiking neurons, reducing

their number, and hence reducing the overheadll memory overhead.

6.2.2 Network of AdExLIF

As disscussed in the previous chapter, a simple neuron model such as LIF neuron is
not sufficient to extract complex global contexts without using a spatial architectures.
Therefore, we use the AdEXLIF neuron model as model of relatively complex temporal
dynamics. The numerical approximation of the AdEXLIF has 4 parameters (excluding
the parameters of the exponential term): gy, a, ug,, . The AAEXLIF is a dynamical non-
linear IIR system that could have a set of parameters that result in instable response.
Therefore, some boundaries are needed to guarantee a stable response in the network.
In addition, this task becomes more challenging when integrating AdExLIF neurons in
a network.

To address this problem, we adopt the boundary conditions proposed in [36]. First,
this approach uses Resonate-and-Fire (RF) [41] neuron model, which can be seen as

a conditioned AJExLIF neuron. The state variables of the neuron are described as

follows:
du
d
d_?; = wou — by (6.2)

where u and y are the state variables (the membrane potential and the adaptation
variable), wy is the resonance angular frequency of the neuron, b is the damping factor.
The RF neruon can be considered as the AdEXLIF but with restriction on the neuron’s
parameters. This restriction allows the neuron to extract specific features in predictable
way. Such that w directly represents the angular resonating frequency (the neuron
natural frequency or the target frequency that the neuron extracts).

In [36], the balanced RF (BRF) neuron was proposed with further conditios on the
RF neuron to guarantee a stabilized response in a network. First, the threshold of the
RF neuron is modified by a refractory period term, such that the threshold increases

when the neuron fires. This allows the RF neuron to spike less redundantly. Second, the
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Table 6.1: Performance comparison of different models.

Dataset Model Architecture No. params. No. steps SOPs* (x10°) SOPs/step Test acc.
(1x1),256r,10f 68,874 784 355 4533 97.86%

RC-SNN|36] (1x1),256r,2561,10f 200,458 784 10.43 13,301 98.00%
(1x1),256r,256r,2561,10f 332,042 784 18.86 24,060 97.43%

(1x1),256f,10f 3,338 784 0.02 21 90.17%

FF-SNN (1x1),256f,256f,10f 69,386 784 0.80 1,024 96.33%
(1x1),256f,256f,256f,10f 135,434 784 3.58 4,570 97.51%

Sequential (2x2),32¢,p,10f 1,866 196 0.02 102 92.43%
MINST (2x2),32¢,32¢,p,10f 11,370 196 0.70 3,571 96.37%
(2x2),32¢,32¢,32¢,p,10f 20,874 196 1.44 7,346 96.32%

~ (4x4),32¢,p,10f 26,34 49 0.01 204 91.7700%

CONV-SNN (4x4),32¢,32¢,p,10f 12,906 49 0.81 16,530 95.05%
(4x4),32¢,32¢,32¢,p,10f 23,178 49 1.55 31,632 95.63%

(7x7),32¢.p, 10 4,746 16 0.01 625 89.46%

(7x7),32¢,32¢,p,10f 17,130 16 0.84 52,500 91.59%

(7x7),32¢,32¢,32¢,p,10f 29,514 16 2.15 134,375 93.82%

(14x14),32¢,p, 10f 14,154 4 <0.01 <2,500 85.07%

(14x14),32¢,32¢,p,10f 35,946 4 0.91 227,500 90.55%

(14x14),32¢,32¢,32¢,p,10f 57,738 4 1.96 490,000 92.53%

Under the Architecture coloumn: f indicates a fully connected layer, r indicates recurrent fully con-
nected layer, ¢ indicates a spatial convolutional layer, p indicates an adaptive pooling of ouyput size
(2,2) and (mxm) indicates the dimension of the applied data in every step.

BRF uses a soft reset, where the damping factor changes as a function of the refractory
period. Finally, the parameters of the BRF neuron (wy and b) are bounded to guarantee

a converging membrane potential. The next section shows results on using this neuron
model in sequential CONV-SNN.

6.3 Experiments

This section presents the evaluation of the proposed architecture. First, it compares
the proposed architecture with other architectures from literature in terms of accuracy,
number of parameters, the number of spiking operations and the number of steps. Then,
it shows the gains of the proposed approach in terms of the maximum runtime memory.
Finally, this section shows latency and throughput result when running the proposed
network architecture on CPU and GPU.

6.3.1 Accuracy and Theoretical Efficiency

Table compares different sequential architectures on (sequential) MNIST dataset.
Three types of architrectures are used: recurrent SNN (RC-SNN) [36], feedforward SNN
(FF-SNN) and convolutional SNN (CONV-SNN). In RC-SNN and FF-SNN; the input
image is sequentially applied pixel by pixel to the network. In CONV-SNN, the input
image is sequentially applied patch by patch. The smallest patch has the size 2x2. The

87



6.3. Experiments

size of the applied patch in every step in the table. For every network type, different
depths are used, from one to three layers.

Accuracy. The recurrent architecture performs the best in terms of accuracy. The
FF-SNN and CONV-SNN of 2x2 patches have close test accuracy. The accuracy of the
CON-SNN decreases as the patch size increases. This was unexpected as the number
of parameters increases with increasing the patch size. However, with increasing patch
size, more data are applied to the parameters of the spatial convolution kernels, whereas
less data are applied to every spiking neuron. This shows a trade-off on what parameters
receive more data to be trained on. The accuracy results show that the temporal neuron
parameters of the CONV-SNN are more powerful than the synaptic spatial parameters.
Number of parameters. Under the same architectural depth, the tested CONV-
SNNs have less parameters than both the RC-SNNs and the FF-SNNs. The CONV-
SNNs are more efficient in terms of parameters by a factor of 2.34x to 15.9x. In the
CONV-SNNs, the number of parameters increases as the number of neurons to process
each feature map increases; i.e., one neuron is used per feature map element. For ex-
ample, 2x2 neurons are used per feature map with 2x2 patch size, while 14x14 neurons
are used per feature map with 14x14 patch size. As will be shown in a next subsection,
the number of parameters does not necessary reflect the processing efficiency of the net-
work architecture when running on the hardware. However, the number of parameters
affects the training time. In addition, the number of parameters does not reflect the
maximum runtime memory as will be shown in a next subsection, but they reflect the
storage required outside execution.

Number of steps. The number of steps equals to the number of times the network
is iterated. For longer sequences, the network is iterated more. For example, in RC-
SNN, the number of steps is 784 as one pixel is appled at a time, while it is 4 in the
CONV-SNN of 14x14 patch size as 196 pixels are applied at every step. In fact, as will
be shown in a next section, the number of steps also do not reflect the latency when
the network runs on the hardware. This depends on the number of operations in the
network architecture in all steps, the network’s utilization of hierarchical memory, and
the intermediate memory of the host hardware. On the other hand, the number of steps
affects the training time due to the parallelism capability of every network architecture.
For example, CONV-SNN of 14x14 input patches trains faster than the CONV-SNN
of 2x2 input patches even though it has more parameters. The reason for that higher
level of parallelism allowed in the CON-SNNs of larger patches is higher.

Total spiking operations (SOPs). This is a theoretical estimate of the energy effi-

ciency of the SNN when running on neuromorphic hardware; i.e., assuming all neurons
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of the SNN are fabricated on the hardware. As shown below, SOPs is calculated for
every layer by multiplying the number of spikes in every layer by the number of updated

neurons in the next layer:

SOPs =Y S'n'*! (6.3)
)

S is the number of spikes in layer [ and n;4; the number of updated neurons by a spike
in layer [ 4+ 1. n;y; is different for different network architectures; e.g., in FF-SNN/ a
spike updates all neurons in the next layer, in RC-SNN, a spike updates all neurons in
the current and the next layer, in a CONV-SNN with an FIR convolution kernel of size
3x3, a spike updates 9 neurons in every feature map in the next layer.

For the same network depth, the CONV-SNNs have the lowest SOPs compared to
FF-SNN and RC-SNN. In network architectures of two layer depth, the SOPs of the
CONV-SNN outperforms the RC-SNN by two orders of magnitude. The CONV-SNN
also outperfrms the FF-SNN architecures by around 2x with architecture depth of 3
layers. For the CONV-SNN of different patch sizes, the SOPs increases on average
with the increase in the patch size. Note that these SOPs values do not reflect the
energy efficiency in systems with hierarchical memory system; i.e., hardware systems
that do not have memory and compute resources equal the number of neurons and the
intermediate results size.

SOPS /step. Similar to SOPs, this is a theoretical estimate of power consumption on
a network architecture on ideal neuromorphic hardware. With the same network depth,
RC-SNN has more SOPs than FF-SNN whereas both networks have the same neurons
and the number of steps. This makes the SOPs/step in FF-SNN lower than the RC-
SNN. Except for patch size of 2x2, the CONV-SNN has higher SOPs/step compared to
RC-SNN and FC-SNN. Even though the CONV-SNN architecture has on overage lower
SOPs than the other architectures, the impact of lowering the number of steps exceeds
the reduction in the SOPs. Similar effect appears when increasing the patch size of the
CONV-SNN; the higher the patch size, the higher SOPs/step.

Summary of Table results. Below are the key conclusions of the results described

above:

e Accuracy: The CONV-SNN architecture has some accuracy drop of at least 1%
compared to the RC-SNN arhictecture.

o Number of parameters: The CONV-SNN arhictures require less parameters than

other architectures, imrpoving the training speed.
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Figure 6.4: batch size of 256; GPU Memory (using torch.cuda.max memory allocated)

e FEnergy and power: With an ideal neuromorphic hardware, the CONV-SNN archi-
tecture requires on average less energy than other architectures, while it requires
more power. Note that this is under the assumption that the SOPs reflect energy
and the number of steps reflecting latency. However, as will be shown in a next
subsection, this assumption is not valid in the case of using a hardware system of

limited resources, such as a CPU with a hierarchical memory system.

6.3.2 Maximum Runtime Memory

The FF-SNN, RC-SNN and CONV-SNN were evaluated for their maximum runtime
memory when running on von Neurmann architecture (running on GPU). Generally, the
maximum run-time memory reflects the number of computing and memory resources
needed depending on the host hardware. The maximum runtime memory was measured
during inference with a batch size of 256 in PyTorch using PyTorch memory allocation
method.

Fig. shows the tested SNNs. With increasing network depth, all architectures
have an increasing maximum runtime memory. The RC-SNN has slightly higher run-
time memory compared to the FF-SNN. Even though the RC-SNN has a doubled num-
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Table 6.2: Hardware specifications

CPU
Model Intel Xeon Gold 6252N
Clock Speed 2.3 GHz
L1d: 32KB
M L1i: 32KB
oLy L2 Cache: 1024KB
L3 Cache: 36608KB
GPU
Model NVIDIA Tesla V100-PCIE-16GB
CUDA Cores 5120 (80 SM)
Clock Speed 135 MHz
VRAM (global): 16GB
Memory L2 cache: 96KB

SM shared memory: 6144KB

ber of parameters than of the FF-SNN, the size of the intermediate results dominates

compared to the size of the parameters (note that we use an input batch size of 256).

For the CONV-SNN, the maximum runtime memory depends on the size of input
patch. When the patch size is smaller, the intermediate results generated by the con-
volution kernels are smaller, and hence the maximum runtime memory is smaller. It
can also be seen that the increase in the number of layers affects less the runtime mem-
ory compared to the increase in the patch size. For example, increasing the patch size
from 7x7 to 14x14 for the 3 layers architecture increases the maximum runtime memory
by 80MB, while increasing the number of layers from 2 to 3 for the patch size 14x14
increases the maximum runtime memory by 20MB.

In comparison to the FF-SNN and RC-SNN, the CONV-SNN performs better in
terms of the runtime memory with lower patch sizes. With a patch sizes of 2x2 and
4x4, the CONV-SNN requires approximately half of the runtime memory required for
the FF-SNN or the RC-SNN architecture. On the other hand, the CONV-SNN with
14x14 patch size requires around 4x more runtime memory than the FF-SNN or the
RC-SNN architectures.
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Figure 6.5: Latency for different batch sizes (to emulate different memory resources).
This was measured for 3 layers networks processed by a CPU.

6.3.3 Latency and Throughput

The processing efficiency of the different sequential architectures was tested on the
CPU and GPU based on PyTorch; table [6.2] presents the specifications of these two
hardware systems. The CPU is important to understand the processing efficiency of
the network architecture under minimum number of processing units, while the GPU
is important to understand the processing efficiency when many processing units cores
are available. The purpose of experimenting with CPU and GPU is to evaluate the
different sequential architectures under realistic conditions, where the SNN has more
neurons and parameters than the number of processing and memory units of the host
hardware (e.g., when the SNN has more neurons than the physical neurons in the
hardware). This condition forces queuing the neural computations in memory and
sequentially processing them. This makes the utilization of a hierarchical memory
system dependent on the SNN architecture, which also affects the overall processing

efficiency.

To evaluate the network architectures under varying hardware memory, we process

input data in a batched way. As we have fixed hardware architectures (e.g. a CPU
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Figure 6.6: Throughput (inferences per second) for different batch sizes. This was
measured for 3 layers networks processed by a CPU.

with a fixed size of cache memory), we emulate the change in the hardware memory
size by changing the size of the input batch; i.e., if the batch size is 256, 256 outputs are
generated at every layer, which increases the memory bottleneck, and hence producing
a similar effect decreasing when decreasing the size of the hardware memory. Next,
we present the inference latency and throughput (number of inferences per second) for
different batch sizes. All SNN architectures were tested with depth of three layers.

Latency on CPU. Fig. [6.5 shows the inference latency of FF-SNN, RC-SNN and
CONV-SNN on CPU. For all batch sizes up to 5000, the CONV-SNNs are the lowest in
latency, then the FF-SNN, then the RC-SNN. This was expected as the CONV-SNNs
have fewer operations (SOPs) compared to the other network architectures. On the
other hand, the number of operations is not always proportional to the latency as can
be seen from the CONV-SNN architectures of different patch sizes. Notably, two key
observations appear in Fig. 6.5; First, under specific patch size, the size of the patch is
not proportional to the latency. For example, under batch size 400, the CONV-4x4 is
the fastest, then CONV-7x7, then CONV-2x2, then CONV-14x14. Second, the relative
latency of the CONV-SNNs change for different batch size. This shows different patch

size, fits differently in different hardware memory, resulting in different latency. A
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clearer view of thesis can be seen next in the throughput results.

Throughput on CPU. Fig. shows the throughput of FF-SNN, RC-SNN and
CONV-SNN on CPU. Similar to the latency, the CONV-SNNs have higher throughput
than other architectures. With increasing batch size, the throughput of CONV-2x2, FF-
SNN and RC-SNN stays almost constant, while it decreases for CONV-4x4, CONV-7x7
and CONV-14x14. The larger the patch size of the CONV-SNN, the faster the decrease
in throughput with increasing batch size. For low batch sizes, the CONV-SNN with
large batch size have higher throughput. This means that when the memory resources
are large enough compared to the runtime memory, the network architecture with the
largest batch size performs the best in terms of throughput. With a larger batch size,
the throughput changes depend on the patch and batch sizes. For example, at batch
size 4000, CONV-4x4 has the highest throughput, then CONV-7x7, then CONV-2x2,
then CONV-14x14. From the decreasing trend of the throughput, it is expected that at
very large batch sizes, the CONV-SNN with the lowest patch size will have the highest
throughput (opposite to the throughput order at low batch sizes). This shows that the
processing efficiency of the sequential CONV-SNN depends on the patch size and the
size of the intermediate memory in a hierarchical memory system.

Latency on GPU. Fig. shows the inference latency of FF-SNN, RC-SNN and
CONV-SNN on GPU. The latencies of all networks slightly change with changing the
batch size. This is because the GPU processes the inputs in parallel. Similar to the
latency on CPU, the CONV-SNN performs better compared to both the RC-SNN and
FF-SNN. The RC-SNN has almost the same latency as the FF-SNN, with being slightly
slower at larger batch sizes. Even though RC-SNN has almost doubled number of com-
putations than FF-SNN in every layer, these computations in PyTorch are parallelized
across the GPU cores, hence their latency is almost constant for different batch sizes.
For the CONV-SNN, with small batch sizes, the latency is proportional to the patch
size; the larger the patch, the lower the lower the latency. This trend changes with
increasing the batch size, where the effect on the utilization of hierarchical memory
starts to dominate. More details can be observed next in the throughput results.
Throughput on GPU. Fig. shows the throughput of FF-SNN, RC-SNN and
CONV-SNN on GPU. For most network architectures, the throughput increases with
increasing batch size. This is different from the throughput curve in the case of the
CPU, where the throughput in the CPU decreases with increasing batch size. In GPU,
the throughput increases as a result of parallelism, while it decreases at some point when
the batch size is large compared to the hardware memory. For example, in the case of
the CONV-14x14, the throughput starts to decrease around the batch size of 2000. In
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Figure 6.7: Latency for different batch sizes. This was measured for 3 layers networks
processed by a GPU.

other words, there is a trade-off (contention effect) between parallelism and memory
hierarchy utilization. However, this curve can also be viewed as the throughput curve in
the CPU, with the point of decreasing throughput being shifted to the right. Therefore,
this implies that a decrease in throughput for a specific network architecture due to

inefficient use of the hierarchical memory system can be compensated by parallelism.

Recall: What is the quantified gain in terms of processing efficiency when

reducing the memory overhead of an SNN?

This chapter proposes a solution that processing of an image as a sequence of
2D patches to utilize the dynamicity of the SNN and hence reducing the memory
overhead. The proposed solution reduces the runtime memory requirement for
convolutional SNNs by at least 4x. It also improves the throughput by at least

2x under a hardware of constrained memory resources.

95



6.4. Limitations

35000 A
o "b : I !
30000 : X !| gl :
— . . I . 1y
& 25000 Ly | k I||IIJHI S\ A A IIII i
g ;"‘.-;U"\ L1y J"'l [adihs h“:n 'In
§ 20000 - ,"‘- 1 s ! IATHHE
3 X - i il w Hl
E / £l : |' RUNRT
= 15000 / |I ] \
2 l; ] : | i \
= . I
= | J
2 10000 4 J . ?\* a M
'E » . —a==  FE
! J ) L] } — 1 RC
5000 A |‘ f Ty —&—~ CONV-2%2patch
. —t+— CONV.4xdpatch
? P tepanderellorstW ¥ 5 CONV- T x 7 patch
0 ua — - CONV-14x14patch
0 1000 2000 3000 4000 5000

batch size

Figure 6.8: Throughput (inferences per second) for different batch sizes. This was
measured for 3 layers networks processed by a GPU.

6.4 Limitations

The following presents some open challenges and future work related to this chapter:

e Training runtime memory: The sequential processing of images increases the
number of steps, and hence the number of iterative execution of the SNN. For
example, if we have 49 steps, the SNN needs to be executed 49 times iteratively.
When training using BPTT, this increases the size of the training runtime memory,
where every iteration builds a new computational graph for the network. This
creates a huge memory overhead when training CONV-SNN with long sequences

(e.g., when sequentially patching high-resolution images).

e Training speed: Another challenge of processing images sequentially is the train-
ing speed. During training, large computing and memory resources are usually
available. Patching an input image and applying it sequentially limits the paral-
lelism. New training approaches are required to parallelize the computations of
the proposed CONV-SNN.

e Utilizing biologically-plausibility: This chapter shows the importance of the
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dynamical complexity of the spiking neuron in improving the processing efficiency
of SNNs. In neuromorphic computing community, simple models (such as LIF) are
used when building large networks due to their simpler computational complex-
ity. However, utilizing the rich temporal dynamics of more biologically-plausible
models mitigates this computational complexity and even improves the overall
processing efficiency. Therefore, extending the proposed approach to new appli-
cations and proposing new approaches that utilize the temporal dynamics of the

spiking neuron are recommended.

e Comparing with conventional ANNs: The proposed architecture utilizes the
local reccurancy and dynamics of the SNN. This makes the proposed approach
unique to SNNs, which make the sequential image classification a good applica-
tion. In deep learning, sequential processing of images rely on spatial architectures
(e.g., architecture that uses self-attention mechanisms or globally recurrent con-
nections), which requires a large memory overhead. Therefore, it is important to

compare this work with approaches from conventional deep learning.

e More complex datasets and deeper networks: This chapter tests the pro-
posed ideas on simple images and datasets. Investigating the potential of AdExLIF

and BRF on more complex images are also important.

6.5 Conclusion

This chapter proposed the spatiotemporal CONV-SNN. This architecture utilizes the
temporal dynamics of the spiking neuron to process images in a patched way. The
proposed CON-SNN showed an outperforming results compared to SOTA SNN archi-
tectures in terms of processing efficiency and hardware cost. In addition, the proposed
network architecture allows for a flexible input patching, which facilitates the design
of networks that fit hardware of different memory resources. The proposed approach
initiates a new way of processing images using SNN, which can be utilized in specific
unexplored applications. Further research is motivated to compare the spatiotemporal
CONV-SNN with other networks that process images in a patched way, to use more
complex spiking neuron models, and to improve the training speed and memory re-

quirement.
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Chapter 7
Conclusion

This dissertation investigates the problem of the memory overhead in SNNs, with the

aim of increasing the processing efficiency of SNNs and reducing their hardware cost.

This dissertation contributes to the SNNs as follows: As the problem of the SNNs’
memory overhead is neglected in the literature, chapter 2 discussed and described the
problem in detail. It also answers by proposing two approaches to address the
memory overhead in the SNNs; reducing the number of active neurons and utilizing the
dynamicity. In chapter 3, the key design principle is set (i.e., designing narrow dataflow
SNNs) and reused throughout the whole dissertation (answer to (fI)). Chapter 3 also
proposes task specialization, a solution to reduce the memory overhead by dividing the
AT classification task implemented by the SNN into multiple sub-tasks. This approach
reduces the memory overhead by 10x in terms of of energy and latency as a result of
reducing the number of memory operations and increasing the utilization of the memory
hierarchy (answer to Qf3)). This solution has three main limitations: (1) degradation of
accuracy in some tasks, (2) the training burden and (3) the expertise requirement to
design the sub-tasks. Therefore, in chapter 4, the per layer specialization was proposed
to address these challenges. In the per layer specialization, the layers we specialized
automatically during training by the MoE architecture. The per layer specialization
improves the processing efficiency by 3x in terms of latency as a result of reducing the
memory requirements, reducing the number of memory operations and increasing the
utilization of hierarchical memory (answer to Q). These two solutions of specialization
reduce the memory overhead by adopting the approach of reducing the number of
active neurons. In chapters 5 and 6, a new approach is adopted to reduce the memory
overhead by utilizing the intrinsic temporal dynamics of the spiking neuron. In chapter

5, the capability of the spiking neuron models for extracting features temporally were
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investigated. The use of more biologically-plausible neurons, such as AdExLIF, was
proposed to temporally extract features from images. This shows that the dynamical
properties of the SNN can be utilized to reduce the memory overhead rather than only
causing it (answer to . In chapter 6, these biologically-plausible neuron models were
used in a convolutional SNN to process images as a sequence of 2D patches (answer
to . This introduces a flexibility in the design of SNNs, which allows them to be
efficiently mapped in hardware platforms of different memory resources. This allows
for improvement in the processing efficiency as well as in the memory requirements; the
runtime memory requirement of the CONV-SNN is improved by at least 4x and the
throughput is improved by at least 2x (answer to .

The proposed solutions advance the processing efficiency of the neuromorphic sys-
tems from the neural network level. The achieved results are motivated by or based
on the assumption that the host hardware of the SNN is limited in terms of memory
resources. This assumption was made as the software and algorithmic developments
are faster than the hardware developments, and hence the scaling of SNNs are expected
to be faster than the scaling of the neuromorphic hardware. Therefore, we assume that
the memory resources in the neuromorphic hardware will be always limited compared
to the SNN memory requirements. On the other hand, this assumption fails if the de-
sign of the neuromorphic hardware is customized to the SNN. In addition, the research
methodology of proposed work in this dissertation is based on testing the memory over-
head on conventional hardware (such as CPU or GPU). As the neuromorphic hardware
is usually based on non-conventional hardware (such as the analog neuromorphic chips),
the presented processing efficiency gains may not necessarily reflect the exact gains in
different hardware architectures.

In summary, this dissertation contributes to the processing efficiency of the spiking
neural networks by reducing their memory overhead. It proposed fundamental solutions
that utilize existing approaches in ANNs as well as solutions that are specific for SNNs.
More research is required to test the proposed solutions on different types neuromorphic
hardware. In addition, more research is motivated towards the applicability of the SNN

in a sequenced (tokenized) images or signals.

7.1 Future Work

This dissertation opens up research space for several challenges and future work. First,
studying the proposed approaches in the context of the available neuromorphic hardware

is required. For example, the temporal processing using the AdExLIF neuron may
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require precise values for the neuron parameters (for a very sharp notch filter, we may
require an adaptation constant of 0.99). This high precision cannot be valid in some
analog neuromorphic hardware such as TEXEL [33] and DYNAP [88]. Therefore, design
constraints and requirements can be defined for such hardware for enabling applications
and networks similar to those presented in this dissertation.

Second, training an SNN using BPTT when temporally processing images and sig-
nals can be extremely time consuming and memory intensive. This puts the SNN far
beyond the conventional ANNs when it comes for deployment in complex applications
that require large scale SNNs. Therefore, there is a practical need for improving the
training efficiency of the SNNs, especially for SNN training that requires long input
sequences.

Third, an exploration of the spiking neuron models is required. The mathematical
modeling of the spiking neuron is important to enrich its temporal dynamics while
maintaining a computationally simple model. In addition, the spiking neuron model
can be modified to fit some hardware constraints without affecting their functionality.
Therefore, a deeper study of the spiking neuron model under different functional and
computational constraints is required. This dissertation tests the proposed approaches
on simple applications (e.g., image classification on MNIST and CIFAR). Investigating
the potential of AAEXLIF and BRF on more complex datasets and applications are also
important.

This dissertation opens the ground for a new set of SNN applications that require
a sequential processing of 2D images. For example, some applications may require low
cost hardware cameras that can be used to capture an image (a target visual scene) as
sequence of 2D patches. This work allows for similar applications to be deployed on
some of the proposed SNN architectures.

Finally, the integration of the proposed solutions was also left for future work.
In fact, the proposed two approaches are orthogonal to each other. We expect this
integration to further improve the memory requirement and the processing efficiency
of the SNNs. For example, the early layers in the per-layer task specialization solution
can be divided into more experts when applying the input image as a sequence of 2D
patches; i.e., a 2D patch contains less features compared to a full image, which requires
less neurons per expert. The integration of task specialization and the spatiotemporal
convolution solutions is also expected to improve the overall processing efficiency. The
task specialization reduces the latency by at least 10x by eliminating the dependencies
between different sub-SNNs. Applying the spatiotemporal convolution allows a further

reduction in every sub-SNN by up to 3x. Therefore, the expected improvement when
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integrating these two solutions is 30x. This shows the importance of extending the work

in this dissertation to integrate the proposed solutions.

7.2 List of Publications

The following shows the list of articles published /prepared from this PhD dissertation:

e From Chapter 3: Muath Abu Lebdeh, et al. "Efficient processing of spiking
neural networks via task specialization", IEEE Transactions on Emerging Topics
in Computational Intelligence, 8(5):3603-3613, 2024.

e From Chapter 4: Muath Abu Lebdeh el al. “Per layer specialization for
memory-efficient spiking neural networks,” Proceedings of the International Con-
ference on Neuromorphic Systems (ICONS), pages 169-176, 2024.

e From Chapters 5 and 6: Muath Abu Lebdeh el al. “Memory-efficient spa-
tiotemporal convolutional spiking neural networks for vision applications,” article
submitted to the IEEE Transactions in Emerging Topics in Computational Intel-

ligence.
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