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Design and FPGA Implementation of Optimized and Digital Multi-
plexing Spiking Encoders for Neuromorphic Computing

Ruizhe Li

(ABSTRACT)

Machine Learning (ML) and Artificial Intelligence (AI) have driven rapid progress in wireless
communications, particularly in spectrum sensing for cognitive radios. Accurate identifica-
tion of occupied and unoccupied spectrum bands is vital to address spectrum scarcity and
enable secondary users to make efficient use of available frequencies. Liquid State Ma-
chines (LSMs), built on spiking neural networks inspired by biological computation, provide
a promising framework for real-time spectrum monitoring. A crucial step in this process
is spike encoding, which converts continuous input signals into discrete spike trains. This
encoding not only preserves temporal features of the spectrum but also allows the reservoir
to exploit time-dependent dynamics for richer representations. By combining spike encoding
with the inherent temporal processing capabilities of LSMs, specialized accelerators and pro-
cessors achieve faster, more energy-efficient, and more accurate spectrum classification than
conventional sensing methods. Furthermore, the design of training algorithms and optimized
learning algorithms within LSM processors plays a pivotal role in maximizing their perfor-
mance. This thesis is divided into two main parts. The first focuses on the development and
implementation of learning algorithms for spectrum classification using an LSM processor
as part of my research work during my master’s study. The second part, as my primary
research work, investigates and optimizes the spiking encoding algorithm to improve input

representation and system efficiency. Both parts are realized on Field-Programmable Gate



Arrays (FPGAs), leveraging their programmability and massively parallel computing capa-
bilities to enable high-performance hardware implementation. Lastly, the thesis provides a
comprehensive analysis of the proposed spiking encoder and points out the future research
direction of the spiking encoding algorithm. The results show that the proposed multiplexing
temporal encoding method surpasses existing state-of-the-art rate and temporal encoding al-
gorithms in both performance and noise robustness across most test cases. It achieves up
to a 9.95x improvement in signal reconstruction accuracy compared to other encoding tech-
niques. In addition, the optimized rate encoding architectures outperform current models,
providing up to a 3.5x accuracy gain across all evaluated signals. Furthermore, the pro-
posed TTFS-based architecture delivers up to a 5.5x improvement in accuracy over existing
methods while simultaneously reducing logic resource utilization by 57.1%, highlighting its

efficiency for hardware implementation.



Design and FPGA Implementation of Optimized and Digital Multi-
plexing Spiking Encoders for Neuromorphic Computing

Ruizhe Li

(GENERAL AUDIENCE ABSTRACT)

Wireless communication systems increasingly rely on intelligent technologies such as Ma-
chine Learning (ML) and Artificial Intelligence (AI) to use limited radio frequencies more
efficiently. One major challenge is identifying which parts of the spectrum are already in
use and which remain available—a process known as spectrum sensing. Addressing this
challenge helps prevent interference and allows more users to share the same communication
resources. This research explores a brain-inspired computing approach called the Liquid
State Machine (LSM) to improve real-time spectrum monitoring. An essential part of this
system is spike encoding, a method that converts continuous radio signals into brief electrical
pulses similar to those used by biological neurons. This process preserves important timing
information, enabling the LSM to recognize complex patterns in wireless data with higher
accuracy and speed. The work presented in this thesis is divided into two main areas. The
first develops and tests learning algorithms that allow the LSM to classify spectrum activ-
ity accurately. The second focuses on improving the spike encoding method to represent
input signals more effectively. Both components are implemented on Field-Programmable
Gate Arrays (FPGAs)—reconfigurable hardware devices that support fast, parallel compu-
tation with low power consumption. The study concludes with an analysis of the proposed
spike encoding approach and suggests future directions for advancing this technique in next-

generation neuromorphic communication systems.
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Chapter 1

Introduction

1.1 Spectrum Sensing in Wireless Communication

Spectrum sensing is a fundamental technique of cognitive radio which identifies the idle or
busy bandwidths [3]. Under an unforeseen spectrum situation, users within the intelligent
network need to detect the spectrum and identify available frequencies for their use. To
improve the spectral efficiency, Multiple-Input-Multiple-Output (MIMO) and Orthogonal
Frequency-Division Multiplexing (OFDM) systems are proposed by highlighting arrays of
antennae used for data transmission and receiving simultaneously, and divides a wide-band
channel into many closely spaced orthogonal sub-channel. Fast Fourier Transformations
(FFTs) are employed for modulating symbols(i.e.,data) into Radio Frequency(RF) waves on
the transceiver side, and for demodulating these waves back into symbols at the receiving
side of the system. Thus, the combination of MIMO-OFDM system improves the spatial

multiplexing gain and avoids frequency selective fading accordingly [4].

In the process of spectrum sensing, the energy detected by the antennas of a MIMO-OFDM
receiver is utilized to ascertain the occupancy status of a sub-carrier frequency. Therefore,
spectrum sensing can be recognized as a binary classification task in machine learning,
whether the sub-carrier is idle or busy. The dataset compiled following the procedure from
K.Hamedani et al.[5] was employed in our study, comprising measurements of static spectrum

occupancy, detailing Primary User (PU) activity across a specific range of frequency bands

1



2 CHAPTER 1. INTRODUCTION

and time intervals. The occupancy status of each sub-carrier is determined using frequency
occupancy models derived from a database. More importantly, OFDM symbols are conveyed
using the ¢y, sub-carrier frequency and then are modulated through Quadrature Phase Shift

Keying (QPSK). The output signal can be defined as the equation (1.1).
Ry(m) = Yg(m) + Ng(m) (1.1)

where Y, (m) is the transmitted signal in frequency domain and N,(m) is the Discrete Fourier
Transform (DFT) format of Additive White Gaussian Noise (AWGN). And m = 1,....N where
N is the number of OFDM symbol received by the system. When the ¢y, sub-carrier remains
unused, and no signal is present on it, the representation of the received signal is as follows:
R,(m) = N,(m). Furthermore, we take into account signals received across multiple antennae

by employing the following equation (1.2).
RI(m) =Y/ (m) + N} (m) (1.2)

where j = 1,....,X and X is the number of antennae configured in the system.

1.2 The Challenge of AI in Spectrum Sensing

Spectrum sensing is essential in cognitive radio systems for determining whether a frequency
band is occupied or available. The occupancy of a given spectrum band exhibits temporal
correlation, meaning its usage at a specific moment is influenced by past and future states.
Among various spectrum sensing methods, energy detection remains the most widely adopted

due to its simplicity, low data requirements, and energy efficiency [6].

In classical spectrum sensing, the energy detector is a simple model-based method that
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operates on a single feature: the received signal energy. It does not rely on transmitter-
specific information to decide whether a band is occupied by a primary user (PU). In practice,
the detector compares the measured energy to a threshold to discriminate between idle
and occupied. This approach is attractive for hardware because it is compact and power-
efficient [6]. However, its accuracy degrades sharply in noisy channels due to the SNR wall,

where increasing observation time no longer improves detection performance [7, 8.

Recent advances in Al offer a path forward by learning discriminative structure from limited
inputs, so that spectrum vacancies can be classified more reliably. Yet conventional artificial
neural networks (ANNs), especially deep models, are often ill-suited to low-cost devices
like FPGAs: their training depends on backpropagation, which incurs intensive multiply—
accumulate operations and severe memory bandwidth pressure for gradient updates across
layers [9]. These constraints motivate hardware-aware learning schemes (e.g., event-driven
or locally updated methods) that retain the efficiency of simple detectors while improving

robustness at low SNR.

Reservoir computing, proved its potential for varies real-world applications [10, 11, 12, 13,
14, 15, 16, 17, 18], has recently also gained attention in the wireless domain [19, 20, 21]. Its
ability to efficiently process temporal dependencies makes it particularly suited for spectrum
sensing, where identifying patterns in spectrum occupancy is crucial for optimizing dynamic
spectrum access. Moreover, there have been recent researches on exploring in-memory com-
puting for hardware efficient reservoir computing at device level in analog domain using

different resistive ram based technology [22, 23, 24, 25, 26, 27, 28].
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1.3 Spiking Neural Network

The human brain, with its remarkable efficiency and adaptability, has long been an inspira-
tion for Artificial Intelligence (AI) and Machine Learning (ML) [29]. Unlike traditional
Artificial Neural Networks (ANNs), which rely on continuous numerical representations
and high-power computations, biological neurons communicate through discrete electrical
impulses known as spikes. This has led to the development of Spiking Neural Networks
(SNNs)—a class of neural models that more closely emulate biological processes by utilizing
time-dependent spike-based communication. SNN has widely adopted in various applica-
tions due to its high energy efficiency compare with ANNs [30, 31, 32]. The cornerstone
of SNNs is the spiking neuron model, which governs how information is encoded, processed,

and transmitted in a biologically plausible manner [33].

1.3.1 Biological Neuron

The biological neuron consists of dendrites, nucleus, cell body, axon and axon terminal
as shown in Figure 1.1 where dendrites conduct electrical impulses toward the cell body,
playing a crucial role in integrating incoming signals, nucleus regulates the neuron’s activities,
including protein synthesis and cell maintenance, cell body integrates incoming signals from
dendrites and, if the combined signal is strong enough, generates an action potential that
travels down the axon, axon serves as the main transmission pathway for neural signals,
ensuring efficient communication over long distances and axon terminals enabling signal

transmission to the next neuron.

In biological neurons, spikes, also known as action potentials, are the primary means of
transmitting information. These spikes are brief electrical signals that travel along the axon

to communicate with other neurons. The generation and transmission of a spike follow a well-
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Figure 1.1: Demonstration of a biological neuron [1]

defined process based on the neuron’s membrane potential and ion exchange. The working
process of biological neurons can be briefly summarized as that neuron will fire spikes once
it reach a certain threshold and then the neuron will be reset and enter a refractory period

to prevent excessive firing to the next neuron.

1.3.2 Spiking Neuron

To gain a deeper understanding of biological neurons, researchers have developed various
spiking neuron models, including the Hodgkin-Huxley (HH) model [34], Leaky Integrate-
and-Fire (LIF) model [35], Izhikevich model [36], and Adaptive Exponential Integrate-and-
Fire (AdExIF) model [37]. These models differ in complexity and biological accuracy, offering

different trade-offs for computational efficiency and fidelity.

Among them, the LIF model is one of the most widely adopted in Spiking Neural Networks
(SNNs) due to its simplicity and computational efficiency. It serves as a foundation for
both hardware and software implementations, making it a preferred choice for neuromor-

phic computing applications. In this study, the spiking neuron is modeled using the Leaky
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Figure 1.2: Demonstration of LIF neuron in RC circuit

Integrate-and-Fire (LIF) framework, which provides a balance between computational effi-
ciency and biological relevance. LIF neuron is often modeled as a parallel Resistor-capacitor

(RC) circuit with a "leaky” resistor as shown in Figure 1.2.

The output voltage V(t) is mathematically defined as:

c% = —gL(V(t) — EL) + I(t) (1.3)

where gl represents the conductance of the resistor, C denotes the capacitance of the ca-
pacitor, and I(t) is the input current that charges the capacitor, influencing the membrane
potential V(t). When V(t) surpasses a defined threshold, the capacitor discharges to its rest-

ing potential EL through a voltage-controlled switch, triggering the generation of a spike.
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1.3.3 Encoding Scheme in Spiking Neural Network

Neural encoding schemes are fundamental to the operation of neuromorphic computing sys-
tems, which seek to mimic the brain’s working mechanism and architecture by processing
information through Spiking Neural Networks (SNNs) [2, 38]. These algorithms are respon-
sible for converting continuous sensory input, such as visual or auditory data, into discrete
electrical spikes that neurons can process [39, 40]. Thus, the neural encoding algorithm
serves as the interface between the real-world signal and the digital processing mechanisms

of artificial neural systems.

Historically, the encoding algorithm in neuromorphic computing has drawn inspiration from
biological neurons, where information is represented not by the intensity of electrical signals
but by the timing and frequency of spikes. This shift from rate-based encoding, where
information is conveyed by the firing rate of neurons, to temporal encoding, which leverages
the precise timing of spikes, has provided a new perspective for developing an efficient,

high-performance computational model.

Two widely used encoding schemes in this domain are rate encoding and temporal encoding
algorithms. Rate encoding is computationally simple, mapping the intensity of the input to
the number of spikes within a given time window. While this method has been effective in
early applications, it lacks the data density and precision needed for complex tasks. Temporal
encoding, on the other hand, encodes information using the precise timing of individual
spikes. This method allows for a more subtle representation of data, capturing both the
rate and timing of neural spikes, and is known to improve the efficiency and accuracy of

neuromorphic systems, particularly in noisy environments.

Recent advancements have led to the development of more sophisticated encoding algorithms

such as multiplexing encoding [41, 42, 43, 44]. These methods integrate multiple timescales
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of data encoding, combining rate and temporal encoding [45]. By leveraging multiplex-
ing, neural systems can transmit significantly more information using fewer spikes, which

enhances the robustness and efficiency of neuromorphic systems in various applications.

As neuromorphic computing becomes more prominent in applications like robotics [46],
Artificial Intelligence [47], and wireless communication [48, 49], neural encoding algorithms
continue to evolve. They not only help bridge the gap between biological and artificial
intelligence but also enable the creation of systems that are faster, more energy-efficient,

and capable of handling complex, real-world tasks.

1.4 QOutline

The structure of the thesis is organized as the following chapters: Chapter 2 first introduce
the Reservoir Computing in general and explain the advantage of using Liquid State Ma-
chines (LSMs) in Spectrum Sensing. Then, it talks about the FPGA implementation of LSM
as well as it’s learning algorithm on hardware. This chapter serves as the secondary works in
my master’s study. More details can be found in [50, 51, 52]. Chapter 3 explains the exist-
ing spiking neural encoding scheme such as rate, Time-To-First-Spike (TTFS), Inter-Spike-
Interval (IST), Phase, and Multiplexing encoding as well as their hardware implementation.
Chapter 4 discuss the proposed hardware rate, TTFS and multiplexing encoder. Chapter 5
explores the experimental setup and results. Chapter 6 and 7 discuss the existing finding
and concludes the thesis by summarizing the results and insights. It also outlines potential

research direction within the domain.



Chapter 2

On-Chip Training of Liquid State

Machine for Spectrum Sensing

2.1 Reservoir Computing

Reservoir Computing (RC) is a brain-inspired computational paradigm derived from Recur-
rent Neural Networks (RNNs). Unlike conventional RNNs, the recurrent connections within
the reservoir are fixed after initialization, while only the readout layer weights are trained
to produce the desired output [53]. The static internal connections create a nonlinear dy-
namic system that projects low-dimensional inputs into a high-dimensional feature space.
The resulting complex temporal responses are then processed by the readout layer, where

lightweight learning algorithms can efficiently perform the final mapping.

There are two typical structure of RC, one is Echo State Network (ESN), which is normally
implemented with non-spiking, discrete-time artificial neurons as shown in Figure 2.1. When
no feedback is applied from the output to the reservoir, the temporal evolution of the neuronal

states within the reservoir can be expressed as follows [54]:

x(n) = f(W™ua(n) + Wx(n —1)) (2.1)

Here, n represents the discrete time step, x(n) denotes the state vector of the reservoir

9
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neurons, and u(n) is the input vector. W™ corresponds to the input-to-reservoir weight
matrix, while W represents the recurrent weight matrix within the reservoir. The function f
is an element-wise nonlinear activation applied to each reservoir unit, commonly implemented
as a sigmoid-type function. Equation 2.1 defines a non-autonomous dynamical system driven
by the external input u(n). The corresponding output is typically obtained as a linear

combination of the reservoir states, expressed as follows:

y(n) = W*"x(n) (2.2)

where y(n) is the output vector and W is the weight matrix in the readout layer. The
ESN consists of three main components: the input layer, the reservoir, and the readout layer.
The input layer receives external signals and projects them into the reservoir through fixed
weighted connections. The reservoir, built as a recurrent neural network with randomly
connected neurons, forms the core of the system. Its internal connections remain unchanged
after initialization, creating a nonlinear dynamic environment. This allows the reservoir
to transform simple input sequences into complex, high-dimensional patterns that capture
temporal dependencies. Finally, the readout layer processes these rich internal states. Unlike
the reservoir, the readout layer is trainable, typically through simple and efficient learning
methods. This separation of fixed internal dynamics and lightweight training makes the echo

state machine a powerful yet computationally efficient model for handling sequential data.

The other type of RC is Liquid State Machine (LSM), which is more biologically plausible
as it is based on the Spiking Neural Networks (SNNs) with recurrent reservoir structures as
shown in Figure 2.2 and the reservoir units are typically given by excitatory and inhibitory
spiking neurons with Leaky Integrate-and-Fire (LIF) neurons, other biologically plausible
spiking neuron models can also be used [55, 56]. The topology and connectivity of the RNN

in a LSM are designed to mimic the structural properties of biological neural systems. In
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Figure 2.1: Demonstration of Echo State Network(ESN)

particular, the likelihood of a connection between two neurons decreases with increasing dis-
tance between their spatial positions. This dynamic network, often referred to as a “liquid,”
gives rise to the term liquid computing, as its behavior resembles excitable media that gen-
erate ripples in response to external stimuli. The evolution of the reservoir’s dynamics can

be generally expressed as follows [57]:

x™(t) = (L™u)(t) (2.3)

Here, t denotes continuous time; ™ is the reservoir state (neural activity pattern); u(-) is
the input encoded as a spike train; and L™ is the operator (filter) that maps the input to

the reservoir state. The output is given by:

y(n) = f"(x"(t)) (2:4)

where y(t) denotes the output and f™ is a memory-less readout function that maps the

reservoir state to y(¢). The LSM has a similar structure as ESN, including the input layer, the
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Figure 2.2: Demonstration of Liquid State Machine (LSM)

reservoir, and the readout layer. The input layer delivers external signals—often encoded as
spikes—into the reservoir through fixed connections. The reservoir, also called the “liquid,” is
a recurrent network of spiking neurons. Its neurons are densely and randomly interconnected,
allowing the network to generate complex, time-varying activity in response to incoming
spikes. This dynamic activity acts as a rich representation of the input, spreading information
across both space and time, much like ripples in a liquid when disturbed. The readout layer
receives these dynamic states and extracts meaningful outputs. Only the readout connections
are trained, typically with simple supervised learning rules. This design allows the liquid
state machine to capture temporal patterns in spiking inputs efficiently, while keeping the

training process computationally lightweight.

2.1.1 Advantages of Using Liquid State Machine in Spectrum Sens-
ing
The traditional energy detector remains widely used for spectrum sensing because it requires

little data, has low resource cost, and is highly energy efficient [58]. However, its perfor-

mance degrades in high-SNR channels with impulsive noise, where it lacks robust noise
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handling [7, 8]. Recent AI approaches, such as Convolutional Neural Networks (CNNs),
have surpassed detector-based baselines in accuracy [59, 60]. Yet deep Al models and most
non-SNN accelerators are less hardware-friendly due to extensive Multiply—and-Accumulate
(MAC) operations, whereas SNNs rely primarily on accumulation [61]. Moreover, on-chip
learning with SNN accelerators—such as those inspired by LSMs—avoids backpropagating
gradients through deep stacks to update every neuron, reducing memory contention [61].
Consequently, conventional ANN-based accelerators are a weaker fit for edge spectrum sens-

ing scenarios that require real-time weight adaptation under changing conditions.

On the other hand, Liquid State Machines (LSMs) are well suited to spectrum sensing when
both high accuracy and real-time adaptation are required. By exploiting local learning, an
LSM can capture the spatio-temporal structure of incoming signals and perform competi-
tive classification [62, 63]. A learning rule is considered local when its computations can be
decomposed into small, independent steps that rely only on information available at each
processing element, enabling parallel, distributed updates [64]. An efficient hardware imple-
mentation of an LSM can mitigate SNR-wall effects in noisy channels and surpass existing
ML accelerators for spectrum sensing, while also outperforming the advanced LSM design

in [65] with higher accuracy and shorter training time.

Learning in Spiking Neural Networks is driven by the precise timing of spikes rather than
continuous activation values. Various approaches have been proposed, spanning unsupervised
plasticity, supervised gradient-based optimization, and reinforcement learning. In this work,
Reward-Modulated Spike-Timing-Dependent Plasticity (R-STDP) is employed as an efficient
and biologically inspired learning mechanism. This rule extends conventional timing-based
plasticity by introducing a global reward signal that reinforces or suppresses synaptic changes
based on task performance. When pre- and postsynaptic spikes coincide within a defined

window, they generate short eligibility traces indicating potential weight updates; the arrival
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of a reward or penalty then determines whether these traces are consolidated or diminished.

R-STDP integrates naturally with the Liquid State Machine framework, where the reservoir
remains static and only the readout layer learns. By combining local spike-based adaptation
with a simple global feedback signal, R-STDP enables the readout to translate the reservoir’s
dynamic spatiotemporal activity into accurate decisions. This produces a compact and
fully online learning process ideal for hardware deployment. Implemented on FPGA, R-
STDP leverages localized computation, minimal arithmetic, and bounded weight updates
to deliver fast, energy-efficient spectrum classification while avoiding the complexity and

memory demands of gradient-based backpropagation.

In this thesis, we use Reward-based STDP(R-STDP) as the supervised learning method for
training the readout layer weights in the LSM. The equation for the R-STDP learning is

written in the following :

Reward-based STDP equation:

Welghtzew — Welght;’]ld + Awgotentiation/depression (25)
Where:
A potentiation __ A Atpotentiation
wij — <lpos * eXP(— ) (26)
Tpos
Aw?jepression _ _Aneg ) eXp(_Atdepression> (27)

Theg



2.1. REservoIR COMPUTING 15

Weight,; is trainable synapse between ¢ and neuron j,

tentiation -
Awp ™ is the reward amount for potentiation,

Aw?jepressmn is the punishment amount for depression,
At timing difference between spike pairs

A & A_are strength parameters, T,os /neg are time constants

The magnitude of synaptic modification during potentiation and depression can be finely
controlled by adjusting the corresponding constants in equations 2.6 and 2.7, allowing the
learning rule to be optimized for various application requirements. The overall LSM archi-
tecture is shown in Figure 2.3, where there are 16 Learning Units (LUs) in reservoir and 2
Readout Units (RUs) in the readout layer. Each LU receives 1 external spike from input
sample spike-train and 2 recurrent spikes from spike record register at each time-step to
it’s internal module. The internal module of both RU units receive all the 16 spike-record
events at each time step. CT1 and CT2 are two classification teacher signals for updating
the related RU according to target label. This thesis will focus on explaining the highlight

part, which is the readout layer of the LSM as more details can be found in [50].
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Figure 2.3: Overall digital architecture of proposed LSM
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2.2 Implementation of FPGA-based Liquid State Ma-

chine Accelerator for Spectrum Sensing

2.2.1 Implementation of Readout Units

The implementation of RU follows Leaky Integrate-and-Fire (LIF) neuron [66], a widely used

neuron model in SNN where dynamics can be characterized by

Vmem(t) = Vmem(t - 1) - w + Z Wz x Sz (28)

Tmem

where Ve (t) means the membrane potential of LIF model at time step t, Tyem is decay
constant, W; and S; are the afferent presynaptic weight and spiking event from i, presynaptic
neuron respectively. W; is added to Ve (t) if iy, presynaptic neuron fires at time ¢ — 1 and
S; is 1 as a result. If the Ve, () is higher than the threshold value V}, at a timestep t, then
the current neuron spikes and the V.., (t) is set to rest at 0. The Vj;, threshold is governed
by an adaptive model in equation 2.9, where the threshold increases by a constant Cj, if

spikes are generated from the current neuron at consequent timesteps.

Vin(t —1)

Tth

Vin(t) = Vip(t — 1) — + Ci, (2.9)

The adaptive threshold mechanism stabilizes learning by preventing weight saturation and
suppressing repetitive spike patterns that contribute little new information. Figure 2.4 illus-
trates the architecture of the Readout Unit (RU), which is composed of two main modules:
the Learning Engine (LE), responsible for training the afferent synaptic weights of the neu-

ron, and the Spike Generator, which performs computations based on equations 2.8 and 2.9.

During operation, each neuron retrieves presynaptic spike inputs through a parallel-in-serial-
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out (PISO) spike register and loads the corresponding synaptic weights from its dedicated LE
weight array into a PISO weight register. The neuron then accumulates these weighted inputs
sequentially over multiple clock cycles into a 16-bit signed V.., register. Using equation 2.8,
the membrane potential is continuously compared against the adaptive threshold V}; by a

hardware comparator to determine whether a spike is generated.

If a spike event occurs at time step t, the V.., register is reset to zero. Otherwise, it decays
according to equation 2.8 before integrating the next incoming spike from the same input
stream. At the start of a new input sample, V., is cleared to ensure independent pro-
cessing across spike trains. The generated spike is simultaneously forwarded to the neuron’s
own LE for weight adaptation and propagated to subsequent network layers for continued

computation.

2.2.2 Implementation of Learning Engine in Readout Unit

The Learning Engine (LE) forms the core of each readout unit (RU) in Figure 2.3, imple-
menting supervised R-STDP learning for the readout neurons. Each RU receives 16-bit spike

inputs from the reservoir via the spike record register at every time step; therefore, the LE
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includes sixteen pre-synaptic shift registers, each loading one spike bit into its Most Signif-
icant Bit (MSB) position, as shown in Figure 2.5. In parallel, a post-synaptic shift register
captures the spike event produced by the RU’s leaky-integrate-and-fire (LIF) comparator.
All shift registers are 12 bits deep and shift only when the comparator generates a spike (‘17)
event. A 16-to-1 Multiplexer (MUX) then selects one pre-synaptic register for the timing-
difference computation module, which measures the temporal difference between pre- and
post-synaptic spikes. When the MSB of any register becomes ‘1’ a priority encoder identi-
fies the first active bit within twelve indices of the paired register to compute the spike-time
difference At. A positive At (post-before-pre) results in synaptic potentiation, whereas a

negative At induces depression.

The absolute value of At is mapped to a probability through a lookup table (LUT) following
the activity-dependent STDP function reported by Jin et al. [67]. Both the STDP reward
LUT and the probability LUT are pre-calibrated in fixed-point precision using software
simulations to ensure hardware stability. Smaller timing differences yield higher update
probabilities, while larger differences correspond to lower probabilities. This probability
is compared against a random number generated by the enable (ENA) signal, forming an

activity-dependent Hebbian update condition.

The sign bit of At determines whether the corresponding weight is increased (potentiation)
or decreased (depression). Training is enabled only when both the ENA and classification-
teacher (CT) signals are asserted, allowing weight modification for the target neuron based
on the reservoir state derived from the current training sample. Weight updates are stored
in the main weight memory implemented with dual-port RAM in a pipelined structure,
allowing one update per clock cycle. The memory read address is synchronized with the
MUX selection bit to retrieve the corresponding weight for the chosen pre-synaptic input.

After each iteration, the adjusted weights are temporarily held in a dedicated register before



2.2. IMPLEMENTATION OF FPGA-BASED LiQUID STATE MACHINE ACCELERATOR FOR SPECTRUM

SENSING

Post

spike_record0 [m_)
spike_record1

Timing
difference,

- TT11
.
spike_record15 .l-l

Unsigned
conversion

abs(At)

LuT

Sign(At)

STDP
LuT

W_old
—

Weight

19

loss;

loss; 1 —C
—

rewrite

Yy

W_new

4 Control

Address

A

Read memory address

Temp
Memory

Figure 2.5: Digital architecture of a Learning Engine (LE) in RU

being written back to memory, ensuring continuous and efficient online learning across the

entire readout layer.



Chapter 3

Neural Encoding Algorithms and

their Hardware Architecture

3.1 Rate Encoding

In rate encoding, the strength of the input signal, whether it’s from sensory data like sound
or light, is converted into the number of spikes generated within a certain time frame. In
other words, a stronger input results in a higher firing rate, while a weaker input results in
fewer spikes. This approach is inspired by how biological neurons communicate in the brain.
They adjust the frequency of their firing based on the intensity of the stimuli they receive.
For example, imagine a neuron responding to an increase in light intensity. When the light
is dim, the neuron might fire only a few spikes per second. As the light becomes brighter,

the neuron fires more frequently, conveying the intensity of the light through its firing rate.

In rate neural encoding, the quantity of spikes that occur within a specific time interval
reflects the strength or magnitude of the input signal. This results in a direct proportion-
ality between the firing rate of the neuron and the intensity of the stimulus. Consequently,
a Poisson spike train, as illustrated in Figure 3.1, can be generated using this approach.
The Poisson spike train is produced by comparing a scaled version of the input signal to a
randomly generated number. Rate encoding is widely adopted due to its straightforward-

ness and efficiency, making it highly suitable for fast implementation in both hardware and

20
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software systems.

In advanced hardware architectures, a common approach for modeling a Random Number
Generator (RNG) that follows a Poisson probability distribution involves the use of an n-bit
linear feedback shift register, incorporating a specific number of XOR gate feedbacks [2].
In a rate encoder as shown in Figure 3.2, the number of RNGs corresponds to the total
number of timesteps, denoted as ¢, in the input signal. The input values for each timestep
are compared simultaneously with their respective RNG-generated numbers, which serve as
thresholds in the comparators. These comparators then determine whether a spike should
be generated based on the comparison. The total number of comparators in the system
is also equal to the number of timesteps, t.Thus, we get a certain length of spike train

equivalent to the total timestep ¢ of an input signal. All the LFSR bit widths are n such

Input=rand()

=> .11
JL

that 2" — 1 &~ maximum amplitude of the scaled signal.

Input intensity

Figure 3.1: Rate encoding demonstration
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3.2 Time to First Spike Encoding

The time-to-first-spike (TTFS) encoding is a neural coding algorithm where the timing of
the first spike from a neuron is used to encode information about an input stimulus. Unlike
rate encoding, where the number of spikes over a period represents the input magnitude,
TTFS relies on the latency or delay of the first spike to convey information. In this method,
stronger or higher-intensity stimuli cause neurons to fire earlier, while weaker inputs result

in delayed firing.

In TTFS encoding, each neuron responds to an input stimulus by generating a spike after a
certain delay. This delay is inversely related to the stimulus intensity—the higher the input
signal, the shorter the delay before the neuron fires its first spike. The neuron produces
only a single spike within the encoding window, and the time of this spike relative to the
stimulus onset carries the entire information about the stimulus magnitude. Additionally,
a dynamic threshold that decays exponentially is applied. The higher the input value, the
more information it represents, leading to an earlier spike. To process the input, it is often
normalized by dividing it by the maximum input value. The threshold over time is then
modeled by an exponential function, which can be expressed as Threshold(t) = 6  e=*/7n,

where 6 is a threshold constant and usually set to 1, and 7, is a time constant which is
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defined by the user. A spike is generated when the input is larger than the calculated

threshold, and more spikes are discouraged as shown in Figure 3.3.

Threshold
A

Input intensity

Figure 3.3: TTFS encoding demonstration

The existing TTFS encoder aims to generate one spike where the latency of the spike depends
upon the input signal amplitude at a discrete time-step. The higher the amplitude, earlier
the spike is generated. The input signal data is compared to an exponentially decaying
threshold by using a combination of a timing counter output, a ROM-based memory table
storing the exponential threshold values, and a comparator as illustrated in Figure 3.4.
Whenever a spike is generated at a certain latency, an inhibition mechanism is activated
through another comparator against the timing counter to ensure that no more spikes are

generated for the same data sample.
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3.3 Inter-Spike-Interval Encoding

In the realm of neuroscience and artificial neural networks, the efficient representation and
transmission of information is a critical challenge. One approach to tackling this challenge is
through spike-based encoding mechanisms, which are inspired by the way biological neurons
communicate. Among these mechanisms, Inter-Spike Interval (ISI) encoding stands out as a
powerful algorithm compare with rate and TTFS encoding for translating information into
the timing patterns of neural spikes. By focusing on the time intervals between successive
spikes, ISI encoding captures dynamic and temporal features of stimuli in a way that mimics

the brain’s neural coding strategies.

The concept of ISI encoding is grounded in the observation that neurons convey information

not only through the rate of spiking activity but also through the precise timing of spikes.
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This method emphasizes the temporal structure of neural signals, which is crucial for tasks
that require high precision, such as sensory processing, motor control, and cognitive func-
tions. Unlike traditional rate coding, where information is encoded in the average firing rate
of neurons which is number of spikes (Ny), ISI encoding focuses on the intervals between
individual spikes which is Inter-Spike Interval (ISI) as illustrated in Figure 3.5 , offering a
more detailed and efficient way to represent data. For more detailed, the input intensity is
usually normalized in the range from 0 to 1. The following equations are used to generate

the ISI encoded spikes from each discrete signal amplitude (A) value:

The equation for Ng(A) is given by:

N(A) = [NinaxA] (3.1)

where Np.. is a constant parameter as maximum number of spikes allowed for the encoder,

and [-] represents the ceiling function.

The conversion of ISI is given by:

ISI(A) _ [_(Tmax - Tmin)A + Tmax—la Ns(A) > 17 (32)

T nax, otherwise.

Here, T,,,, and T,,;, are the maximum and minimum time intervals permitted between two
spikes within the spike train and are constant parameters. In the existing ISI hardware
encoder, all the constant parameters are defined as terms of 2" where n is an integer for
easier multiplication through shift operation in the hardware. The spike burst is generated
through calculating the N (A) for a specific signal data of A with shifting, addition and
truncation operation using equation 3.1 which if higher than 1 for a specific amplitude value

is then used to calculate equation 3.2 for ISI interval. A set of shifters and adders are used
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Figure 3.5: ISI encoding demonstration

to calculate the ISI for the specific A and then a timing counter is used to ensure that ISI
interval is maintained between every two spikes in the encoded spike train for that specific
input sample as shown in Figure 3.6. A spike counter is also used to ensure that the total
generated spikes in the spike train are limited within the calculated parameter Ng(A) for a
specific data sample A. Thus, the existing ISI encoder design functions for converting each

discrete amplitude (A) value of the signal to a burst set of spike trains.

3.4 Phase Encoding

In phase encoding, information is encoded in the relative phase differences of oscillatory
signals. This approach draws inspiration from observations of biological systems, where neu-
rons synchronize with oscillatory rhythms to process information [68]. Thus, this approach
uses a external periodic oscillation signal as a reference and spike will be fire depending on

the phase shift of the oscillation signal [69, 70]. In [71], a simple phase encoding method
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is proposed, where input intensity values are converted into their binary representation. In
this approach, each bit with a value of 1 corresponds to a spike, as illustrated in Figure
3.7. The information is encoded by assigning distinct weights to each bit, with these weights

varying periodically which can be expressed as equation 3.3.

W(t) — 2—(1+mod(t—1,n)) (33)

Where t represents the number of time steps, and n denotes the number of phases within
one period of the oscillation signal. The number of phases is determined by maximum input
intensity. The larger the input intensity, the more significant spikes it fires, and the more
information it carries. The advanced digital hardware design for phase encoding is both
efficient and straightforward. It relies solely on multiplexers and n-bit registers to produce

a periodic binary representation of the input signal, as illustrated in Figure 3.8.
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Figure 3.9: Hlustration of PWM-based phase encoding

Recent researchers also proposed a robust and efficient phase encoding which uses Pulsewidth
Modulation (PWM) principles to encode the analog data into spikes due to its simplified
hardware implementation, adaptability in parameters and precise reconstruction of analog
signal compared with traditional phase encoding [72]. Figure 3.9 demonstrates this encoding
algorithm, which triggers a spike whenever the carrier signal C(t) surpasses the input signal
I(t). The effectiveness of this approach in conveying information depends significantly on
the resolution of the carrier signal, defined as its ability to detect subtle variations in the

input. Higher resolution enables more accurate signal reconstruction.

3.5 Multiplexing Encoding

Recent advances in neuroscience have also revealed a unique encoding strategy within bio-

logical neural systems. First introduced in [73], this approach integrates multiple encoding
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methods that operate on varying timescales, enhancing the system’s data processing capabil-
ities. Referred to as multiplexed encoding, it combines different encoding schemes to capture
complementary temporal and spatial input features, thereby increasing data capacity and

improving noise resilience [74].

In [75], researchers evaluated the information density and noise resilience of various encoding
schemes. Among them, multiplexed encoding demonstrated the highest data capacity and
robustness compared to rate and temporal encoding methods. Multiplexing encoding consists
of two primary steps [76]. The first step involves encoding the input signal into spikes using
either rate-based or temporal encoding. In the second step, known as the transformation
phase, the generated spikes are aligned with the next local maximum of an external reference
signal, as illustrated in Figure 3.10. In TTFS-phase encoding (Figure 3.10a), each spike is
shifted to the subsequent local maximum of a sinusoidal reference signal. If multiple spikes
coincide at the same local maximum, they are compressed into a single spike. Similarly, in
[SI-phase encoding (Figure 3.10b), spikes are adjusted to align with the next local maximum
of the reference signal. In [45], researchers introduced the implementation of TTFS-phase and
ISI-phase encoding techniques using analog integrated circuits with subthreshold membrane

oscillation(SMO) as a sinusoidal reference signal.

However, the implementation of sinusoid signals in digital circuits is not easy. Generating
precise sinusoidal waveforms in digital circuits is challenging due to the need for digital-to-
analog conversion and filtering, which add complexity and cost. The sinusoid signals are also
more prone to noise and quantization errors, compromising signal quality. Additionally, The
inherent continuity of sinusoidal waveforms results in reduced efficiency and increased power
dissipation, as generating such signals necessitates gradual transitions and continuous output
variation. This approach introduces intermediate states between fully on and off, failing to

leverage the binary nature of digital circuits optimized for discrete switching. In [72], a
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novel phase encoding method, developed using Pulse Width Modulation (PWM) signaling,
is introduced to tackle these challenges, offering a solution optimized for efficient hardware

integration.

Thus, we introduce a novel multiplexing encoder that combines an Inter-Spike Interval (IST)
or burst encoding with a PWM-based phase encoding which will be demonstrated in a later
section, and is easy and straightforward to implement using digital circuits while offering

enhanced control and efficiency.



Chapter 4

Architecture of Proposed Digital

Encoder

4.1 Proposed Digital Encoder

4.1.1 Proposed Digital Rate Encoder

All the computations are performed using 16-bit fixed-point arithmetic to balance accuracy
and cost. The rate encoding module is implemented with an Xor gate, two pseudo-random
number generators, and a comparator. Two random number generators are implemented
with 16-bit Fibonacci and Galois LFSRs separately as shown in Figure 4.1. The limitation
of existing hardware rate encoders arises from their deterministic and predictable nature,
which can negatively impact the accuracy and robustness of rate encoding in certain appli-
cations. Thus, the proposed hardware rate encoder targets to mitigate those problems by
combining two types of LFSRs which reduces predictability and increases the period of the
random number sequence. Furthermore, reduces the correlation between two LFSRs and
thus improves the quality of the randomness which potentially increases the ability to carry
information. The random number will be generated every 16 clock cycles and then compared
with input data. The spike will be fired only if the input data is larger than the random

number.

33
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Figure 4.1: Hardware implementation of the proposed rate encoder.

4.1.2 Proposed Digital TTFS encoder

As shown in section 3.2, the implementation of the exponentially decaying threshold is the
most important component of the TTFES encoder. The precision will largely affect the timing

of firing a spike.

The SoTA TTFS hardware encoder typically utilizes memory tables (ROMs) to store pre-
computed exponential function values, owing to their straightforward and rapid implemen-
tation. However, it usually demands significant memory space, especially for high precision
or wide input ranges, which can consume considerable hardware resources. Additionally,
this method lacks flexibility, as increasing the precision or range means increasing the ROM
size, which may lead to higher area and power usage. More importantly, the latency may

increase due to address decoding and longer memory access time as ROM size grows.

While SoTA architecture uses 40x16 ROM-based memory tables for storing pre-calculated

exponential values in the TTFS encoder, it becomes less practical for high-resolution, wide-
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range, or power-sensitive applications. Thus, an exponential approximate module is intro-

duced to the TTFS hardware encoder for the first time to address the above problems.

In [77], an exponential function can be transformed into a base-2 function, an approach that

only takes negative input has been utilized and expressed in equation 4.1:

Exp(x) ~ 2x+(x~2*1)—(m~2*4) o 914375z (4.1)

In our study, the input x is the time within a sampling window which is always positive,
thus evaluating the sign bit is unnecessary. Therefore, a refined exponential approximation
module has been developed exclusively for positive inputs in our study, achieving even fewer
hardware resources compared to the exponential approximation model detailed in [77]. Upon
processing the input, a scaled value of -1.4375X is computed through shift-and-add opera-
tions, with both the integer and fractional segments then stored in a designated register.
The integer segment is analyzed to determine the count of 'true’ bits, while simultaneously,
the fractional part is appended with a leading '1” and followed by thirteen ”0” bits. This
combined result is subsequently right-shifted according to the identified true bit count as

demonstrated in Figure ?77.

Our proposed TTFS encoder is implemented in two parts as shown in Figure ?7. One is used
to generate the time-decaying threshold and compare it with input data, while the other part
is used to generate the refractory period which is the time that prevents the firing of the
second spike after firing the first spike. The counter serves as a time calculation and input
for the exponential approximate module. The encoding process requires a total of 40 clock

cycles to complete.
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4.1.3 Proposed Digital Multiplexing Encoder

As illustrated in section 3.5, Multiplexing encoding demonstrates superior information pro-
cessing capabilities, with evidence indicating that its robustness against noise surpasses all
other encoding algorithms. This advantage is attributed to the use of complementary tem-
poral patterns, which enable the transmission of greater amounts of information at the same
sampling frequency, thereby improving system performance [76]. Hence, the incorporation
of SMO as a sinusoidal signal within the multiplexing encoding framework contributes to
enhancing system performance and robustness. The multiplexing process involves two pri-
mary stages: the encoding phase and the transformation phase. During encoding, analog
signals are converted into spikes, which may manifest as a single spike when latency encoding
is utilized or as a spike train in the case of ISI encoding. The transformation phase, also
known as gamma alignment, then shifts the latency spike or ISI spike train to the subsequent

local peak of the SMO signal.

However, the implementation of sinusoid signals in digital circuits is not easy. Generating
precise sinusoidal waveforms in digital circuits is challenging due to the need for digital-to-
analog conversion and filtering, which add complexity and cost. The sinusoid signals are also
more prone to noise and quantization errors, compromising signal quality. Additionally, The
inherent continuity of sinusoidal waveforms results in reduced efficiency and increased power
dissipation, as generating such signals necessitates gradual transitions and continuous output
variation. This approach introduces intermediate states between fully on and off, failing to
leverage the binary nature of digital circuits optimized for discrete switching. In [72], a
novel phase encoding method, developed using Pulse Width Modulation (PWM) signaling,
is introduced to tackle these challenges, offering a solution optimized for efficient hardware

integration.
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The proposed multiplexing encoder consists of three primary components as shown in Figure
4.4 part a. The first component generates the ISI spike train within a specified sampling
window which is similar to the SoTA ISI hardware architecture. The second component,
incorporating a NOT gate and an AND gate, identifies the rising edge of the PWM signal,
which can be produced by the clock signal. Both the ISI spike train and PWM signal use
16-bit wide space. The third component which is called PWM alignment as demonstrated
in Figure 4.3, aligns the ISI spike train with the detected PWM signal rising edge. The
architecture of the alignment process is shown in Figure 4.4 part b by using some left shifter,
AND and OR logic gates. In each clock cycle, the ISI spike train and the PWM alignment
signal will be left-shifted to facilitate spike detection. Upon identifying an ISI spike, it will
be synchronized with the subsequent rising edge of the PWM signal. It takes 34 clock cycles
to complete the whole encoding process for one input sample. The incorporation of PWM in
multiplexed encoding enhances data capacity and noise resilience while also providing ease

of implementation within digital circuits.

Timestep

Shifted 151 spikes

Figure 4.3: Demonstration of PWM alignment
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Chapter 5

Experimental Setup and Results

In this work, all the encoding algorithms are evaluated on the following aspects such as
encoding speed, resource consumption, and accuracy.The encoders are implemented on Xilinx
ZedBoard Zynqg-7000 development board, operating at a frequency of 100 MHz. The speed,
resource consumption and the accuracy of encoders are measured by using the input as

shown in 5.1.
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Figure 5.1: Testing signals used for analysis. (a) Sine component with random power and
phase lag with white noise (b) 3Hz smooth sinusoidal signal with white noise (SS) (c¢) Con-
stantly rising and falling signal (CRF) (d) Step-wise signal(SW)

1. Encoding speed: The operational frequency of spike encoding algorithms plays a crucial
role in determining the minimum processing speed required for spiking neural networks

(SNNs). If the frequency at which these algorithms function on the FPGA is lower
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than the processing speed of the SNN itself, the entire system’s performance will be
bottlenecked, leading to slower computation and preventing the SNN from achieving its
full potential. To support the high-speed demands of SNN applications, it is essential
that the spike encoding operates at a sufficiently high frequency. This work, therefore,
assesses and compares the maximum achievable frequency of these algorithms to ensure

the system performs optimally.

. Resource consumption: The resource consumption of the spike encoder significantly

affects the maximum possible size of spiking neural networks (SNNs) that can be
implemented on an FPGA. In this study, the primary resource considered is logic
element, which are critical components for FPGA operation. Efficient utilization of
these resources is essential to maximize the capacity and performance of SNNs on the

hardware platform.

. Accuracy: To assess the accuracy of the encoder, we compare the original signal with

the reconstructed signal using several key metrics: Root Mean Square Error (RMSE),
Signal-to-Noise Ratio (SNR), and average Absolute Error (aAE). These metrics quan-
tify the differences between the two signals, providing a clear measure of the encoder’s
performance. The primary goal is to minimize these differences, ensuring that the
reconstructed signal closely matches the original, thus improving the overall fidelity of

the encoding process.

RMSE = \/ Ztl(s"”(i\)[_ Sreelt))” (5.1)

Powerg,_,;

SNR =20-log [dB] (5.2)

Powerg

ori 7S’V‘EC

aAE = average(]Seri(t) — Srec(t)]) (5.3)
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where S,,; is the original signal and S,.. is the reconstructed signal. The power of a
signal is determined by calculating the average value of the signal’s squared amplitude.
| - | represents the the absolute value, and average(-) represent the mean value. Mini-
mizing the difference between the original and reconstructed signal serves as the main

objective of this study.

To assess signal reconstruction accuracy, the original input signal is first encoded into spikes
and then those generated spike trains are used through software to reconstruct the original
signal from it. After that, the original input signal is compared with the reconstructed signal
using their respective decoding algorithms in software. In the case of the signal reconstruction
in rate encoding , the method involves counting spikes over a defined sampling interval. For
the TTFS encoding, reconstruction is achieved by identifying the timing of the initial spike
and translating it into a corresponding signal value based on an exponential decay function
over a designated time window. For burst and multiplexing encoders, the reconstruction
procedure utilizes the ISI calculation as specified in Equation 3.2, where T}, and T},

represent the two governing time constants.

Four distinct test signals, each containing 1,000 samples, are utilized as illustrated in Figure
5.1. These signals are sourced from various SNNs representing different functionalities [78,
79, 80, 81], allowing for a comprehensive evaluation that extends beyond a single functional
type. Each sample of a given test signal is sequentially processed by the encoders. In rate
encoding, 16 rate encoder modules operate in parallel, producing a 16-bit wide spike train
over 16 clock cycles. For TTFS encoding, the encoding process for a single sample requires
40 clock cycles. Burst encoding completes the encoding of one sample in 17 clock cycles,

while multiplexing encoding requires 34 clock cycles per sample.
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Encoder RMSE | SNR aAE Testing Signal

0.348 | 9.82 0.2818 | SS

0.3273 | 10.74 0.2693 | NS

Existing rate
0.334 | 10.46 0.2808 | CRF

0.3574 | 9.66 0.2808 | SW

0.0845 | 34.424 | 0.0567 | SS

0.1162 | 28.7426 | 0.093 | NS

Proposed rate
0.1074 | 30.202 | 0.083 | CRF

0.1367 | 26.3585 | 0.0797 | SW

Table 5.1: Accuracy comparison for rate encoder

Encoder RMSE | SNR | aAE | Testing Signal

0.4841 | 4.096 | 0.382 | SS

0.501 | 3.341 | 0.464 | NS

Existing TTFS
0.495 | 3.652 | 0.429 | CRF

0.496 | 3.973 | 0.389 | SW

0.217 | 18.024 | 0.166 | SS

0.201 | 19.199 | 0.164 | NS

Proposed TTFS
0.192 | 20.097 | 0.162 | CRF

0.222 | 17.922 | 0.162 | SW

Table 5.2: Accuracy comparison for TTFES encoder



Encoder RMSE | SNR aAE Testing Signal
0.0858 | 34.154 0.071 SS
0.0737 | 36.639 0.0636 | NS
Existing ISI
0.0828 | 34.7257 | 0.0712 | CRF
0.0779 | 36.131 0.0625 | SW
0.0764 | 36.1533 | 0.064 | SS
0.0737 | 36.639 0.0636 | NS
Proposed Multiplexing
0.0753 | 36.3729 | 0.0663 | CRF
0.0779 | 36.131 0.0625 | SW
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Table 5.3: Accuracy comparison for multiplexing encoder

Encoder LUT | FF | Power(mW) | Fmax(MHz)
Existing rate 208 | 608 | 117 372.717
Proposed rate 344 | 627 | 118 356.761
Existing TTFS 312 |19 | 106 174.825
Proposed TTFS 70 72 | 107 244.08
Existing ISI 52 77 | 106 190.694
Proposed multiplexing | 64 127 | 106 197.355

Table 5.4: Resource utilization, Power consumption and Fmax for all the encoders

In this study, we define optimal parameters as those that maximize the signal-to-noise ratio
(SNR) of the reconstructed signal in relation to the original signal. To ensure consistency
between hardware and software implementations, we standardize the bit width to 16 for all
arithmetic and logic operation in digital circuit, striking a balance between performance and

resource cost in hardware.

The performance evaluation for all the encoding algorithms is shown in Tables 5.1, 5.2, and
5.3. The proposed architecture consistently outperforms the existing methods, evidenced by

notably lower RMSE and aAFE values across all testing signals, suggesting improved perfor-
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mance and error reduction. Additionally, the SNR values for the proposed architecture are
significantly higher, highlighting enhanced signal quality and robustness against noise. This
improvement across multiple metrics underscores the efficacy of the proposed architecture in
delivering superior performance for signal encoding under diverse testing conditions. More-
over, we also compare the resource and power consumption, and maximum operating speed

in terms of FPGA implementation.

However, a balance between performance and hardware area is often necessary in digital
design. Enhanced performance typically entails increased logic utilization or reduced speed,
particularly in rate and multiplexing encoders. In Table 5.4, The proposed rate encoder
shows a modest increase in LUT usage and a slight reduction in maximum operating speed.
The proposed multiplexing encoder has a 3.49% improvement in running speed at the cost
of utilizing more LUTs and FFs compared with the existing ISI encoder. Nevertheless, a
notable exception is observed with the proposed TTFES encoder, which achieves a substantial
improvement by reducing LUTs and FFs usage by approximately 57% and increasing speed
by around 39.6%. This is accomplished by replacing the 40x16 ROMs with an optimized 16-
bit exponential approximation module, representing a significant advancement in hardware
efficiency. The power consumption remains comparable among all the existing and proposed

design. Higher logic utilization leads to increased power consumption in the design.
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Discussion

Spiking Neural Networks(SNNs) represent information with brief events—spikes—rather
than continuous values. Neurons integrate incoming signals over time and fire only when a
threshold is reached. Because computation occurs only on activity, this event-driven style

avoids needless updates and maps naturally to hardware that sleeps between events.

The attraction is largely practical. In conventional networks, energy is dominated by shut-
tling data to and from memory. Spiking systems cut this cost by keeping computation close
to the stored state and remaining idle when nothing changes. This makes them well-suited

to edge sensors and always-on applications with tight power budgets.

Effective spiking neurons must translate inputs into a membrane potential and decide when
to fire. Timing matters as much as amplitude: information is encoded not just in how
strong a signal is, but in when spikes occur. Time, therefore, becomes a first-class part of

the representation.

This raises a central design question: how should real-valued measurements—images, audio,
inertial readings—be converted into spikes before they reach the network? The conversion
must retain task-relevant structure, keep spike counts low to save energy, and remain simple

enough for efficient hardware implementation.

Spike encoding provides this interface from the physical world to spiking computation. Com-

mon strategies include rate coding (average spike frequency reflects intensity), Time-to-First-
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Spike (TTFS) coding (stronger inputs spike earlier), Burst coding (emit spikes based on in-
terval), and multiplexing coding (combine multiple encoding methods for higher information
carrying ability and robustness). Fach option trades precision, latency, energy, and circuit

complexity differently.

Looking ahead, progress will hinge on: (1) encoding schemes that improve efficiency and
robustness while remaining biologically inspired; (2) tighter integration of learning methods
with encoders to boost end-to-end accuracy; (3) hardware-friendly designs for ASICs and
FPGAs that meet real-time constraints; (4) unified encoders for multi-modal inputs such as
vision, audio, and dynamic-vision sensor data; (5) adaptive encoders that adjust to environ-
ment and task; (6) greater transparency for debugging and trust; and (7) scalable methods

that bring these gains to large models without sacrificing capability.



Chapter 7

Conclusions

For neural encoding, the challenge of converting real-world signals to spiking signals is a
critical aspect of SNN applications. With the growing trend of implementing SNN on FPGA
platforms, a new issue arises: selecting an efficient spike encoding algorithm and design-
ing an optimized architecture for SNN deployment on FPGA. An effective spike encoding
algorithm should ideally offer high signal reconstruction accuracy, fast computation, low
resource consumption, and strong noise resilience. This study assesses and refines existing
hardware rate encoding and TTF'S encoding by introducing two innovative architectures to
meet specified performance requirements in hardware SNN. Additionally, a novel multiplex-
ing temporal encoder based on the IST and PWM-based phase encoder is proposed for the
first time, to the best of our knowledge, which shows the highest information-carrying ca-
pability and anti-noise ability compare with alternative spiking encoders. Furthermore, we
present an efficient architecture for multiplexing temporal encoding implemented on FPGA,
designed for seamless integration with neuromorphic hardware architectures, offering signif-
icant potential for future research applications. A diverse set of practical signals is used to
test discussed encoders, providing insights into selecting the most suitable spike encoding
algorithm and architecture. The results indicate that the multiplexing temporal encoding
outperforms other state-of-the-art rate and temporal encoding algorithms in performance
and noise robustness across the majority of test samples. It demonstrates a maximum signal

reconstruction accuracy improvement of 9.95x across all testing signals compared with other
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encoding algorithms. Additionally, the proposed rate encoding architectures outperform ex-
isting models, showing up to a 3.5x accuracy improvement on all test signals. Furthermore,
the proposed TTFS architecture not only demonstrates up to a 5.5x accuracy enhancement
over current methods but also reduces logic resource utilization by 57.1%. Thus, the re-
sults offer a comprehensive analysis of encoder selection and implementation for hardware

neuromorphic accelerators.

Building on these findings, future work should establish common datasets and evaluation
protocols to enable fair, reproducible comparisons across platforms and encoder families.
Pairing the proposed encoders with on-chip learning (e.g., reward-modulated STDP) may
improve adaptation to nonstationary inputs, while co-design with front-end quantization
and fixed-point formats can better preserve informative signal structure. Extending the
multiplexing encoder to multi-channel, multi-rate inputs and adding lightweight calibration
for device variability would strengthen real-world readiness across biomedical, audio, and
wireless applications. Finally, translating the FPGA design to ASIC and releasing open,
reusable IP cores and reference implementations would create a shared foundation for the

community and accelerate adoption in neuromorphic systems.
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