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ABSTRACT

The rise of 5G and beyond systems has fuelled research in merging machine learning with
wireless communications to achieve cognitive radios. However, the portability and limited
power supply of radio frequency devices limits engineers’ ability to combine them with pow-
erful predictive models. This hinders the ability to support advanced 5G applications such
as device-to-device (D2D) communication and dynamic spectrum sharing (DSS). This chal-
lenge has inspired a wave of research in energy efficient machine learning hardware with low
computational and area overhead. In particular, hardware implementations of the delayed
feedback reservoir (DFR) model show promising results for meeting these constraints while
achieving high accuracy in cognitive radio applications. This thesis answers two research
questions surrounding the applicability of FPGA DFR systems for DSS. First, can a DFR
network implemented on an FPGA run faster and with lower power than a purely software
approach? Second, can the system be implemented efficiently on an edge device running at

less than 10 watts?

Two systems are proposed that prove FPGA DFRs can achieve these feats: a mixed-signal
circuit, followed by a high-level synthesis circuit. The implementations execute up to 58 times
faster, and operate at more than 90% lower power than the software models. Furthermore,
the lowest recorded average power of 0.130 watts proves that these approaches meet typical
edge device constraints. When validated on the NARMA10 benchmark, the systems achieve
a normalized error of 0.21 compared to state-of-the-art error values of 0.15. In a DSS task,
the systems are able to predict spectrum occupancy with up to 0.87 AUC in high noise,
multiple input, multiple output (MIMO) antenna configurations compared to 0.99 AUC in
other works. At the end of this thesis, the trade-offs between the approaches are analyzed,

and future directions for advancing this study are proposed.
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GENERAL AUDIENCE ABSTRACT

The rise of 5G and beyond systems has fuelled research in merging machine learning with
wireless communications to achieve cognitive radios. However, the portability and limited
power supply of radio frequency devices limits engineers’ ability to combine them with pow-
erful predictive models. This hinders the ability to support advanced 5G and internet-of-
things (IoT) applications. This challenge has inspired a wave of research in energy efficient
machine learning hardware with low computational and area overhead. In particular, hard-
ware implementations of a low complexity neural network model, called the delayed feedback
reservoir, show promising results for meeting these constraints while achieving high accuracy
in cognitive radio applications. This thesis answers two research questions surrounding the
applicability of field-programmable gate array (FPGA) delayed feedback reservoir systems
for wireless communication applications. First, can this network implemented on an FPGA
run faster and with lower power than a purely software approach? Second, can the network
be implemented efficiently on an edge device running at less than 10 watts? Two systems are
proposed that prove the FPGA networks can achieve these feats. The systems demonstrate
lower power consumption and latency than the software models. Additionally, the systems
maintain high accuracy on traditional neural network benchmarks and wireless communica-
tions tasks. The second implementation is further demonstrated in a software-defined radio
architecture. At the end of this thesis, the trade-offs between the approaches are analyzed,

and future directions for advancing this study are proposed.
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The past decade has been characterized by an unprecedented growth in machine learning.
Seemingly every industry has found some way to integrate the various statistical modeling
approaches that have emerged from this topic. Consider Tesla, one of the world’s largest
suppliers of electric vehicles. The company has invested heavily in the development of
its Autopilot platform to enhance its vehicles with autonomous driving [[1]. Autonomous
driving is enabled by sophisticated deep neural network algorithms such as convolutional
neural networks (CNNs), which are among the best methods to perform object recognition.
This is demonstrated by the ImageNet benchmark results provided by [2]. The ImageNet
benchmark, proposed in [3], tasks models with classifying millions of images into one of
1,000 different classes. The highest CNN performance recorded in [2,4] was 89.2% in 2021.
The automotive industry is not the only area where machine learning has been leveraged
to create a world changing impact. Natural language processing and machine translation
are two additional applications enabled by dedicated machine learning cores in smartphones.
This technology enhances the ability for communities across the world to communicate with

each other and paves the way for future innovation.
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Breakthroughs in computer hardware have significantly contributed to the growth of machine
learning applications. The graphics processing unit (GPU), originally designed to accelerate
computer graphics rendering, has found new life in machine learning acceleration. In 2009,
[b] was one of the first works to demonstrate GPUs’ ability to parallelize neural network
training. Using NVIDIA’s general-purpose GPU programming framework, CUDA, the group
found that the same large scale single-instruction multiple data (SIMD) architecture that
could be used to improve graphics rendering performance could similarly be used to reduce
matrix multiplication latency, which is a frequently used operation in machine learning.
GPU acceleration is often used to rapidly train contemporary models. The combination of
GPU acceleration paired with the introduction of TensorFlow, a machine learning framework
developed by Google in 2016 [6], and Big Data fueled the growth of machine learning research
and development. The trends analysis shown in Figure @, conducted using Google Trends,
visualizes the relationship between these technologies and search interest in machine learning
[7]-

Large-scale cloud computing platforms, such as Amazon Web Service (AWS), benefited
from the application of GPUs to machine learning hardware. AWS servers equipped with
NVIDIA’s state of the art A100 Tensor Core GPUs provide efficient training platforms
for dense machine learning models [8]. Mobile “edge” devices can leverage powerful cloud
computing servers to bring accurate predictive capabilities to consumers. However, cloud
computing is affected by communication latency, network bandwidth limits, unstable con-
nections, and low privacy [9]. Moreover, it is impractical to implement cloud servers’ special-
ized processing hardware on mobile devices due to size and energy constraints. According
to NVIDIA, the A100 Tensor Core GPU has a typical power consumption of 200 watts [[10].
This sharply contrasts the power consumption of a typical cellphone which is on the order

of 10 watts.

Alternatively, consumer electronics companies such as Apple and Qualcomm have con-
tributed to the growth of embedded machine learning at the edge. Both companies have

produced several system-on-chip (SoC) integrated circuits (ICs) that feature dedicated ma-
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Figure 1.1: The impact of GPUs, TensorFlow and Big Data on machine learning research

and development.

chine learning hardware accelerators. For example, the A15 Bionic chip featured in the
iPhone 13 contains a 16 core neural engine that detects faces and enhances the quality of
consumers’ images [] This neural engine core contains 14 more cores than the precursor
version of the engine announced with the iPhone X in 2017 [] Dedicated accelerators
inside of smartphones have expanded smartphone capabilities by enabling intelligent con-
sumer features such as natural language processing (NLP), language translation and facial

recognition.

One of the most remarkable aspects of machine learning accelerators in smartphones is how
little energy and circuit area are required to realize them. Experiments conducted by []
suggest that the A15 Bionic has an average power consumption of 4.11 watts when tested
against the SPECint2017 benchmark. This is nearly two orders of magnitude less than that
recorded by NVIDIA’s A100 GPU. Maintaining low power consumption is ideal in these

types of mobile devices because of the limited energy made available by their batteries.
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Energy constraints are critical in edge devices to provide continuous operation to the user

for the longest amount of time possible.

This emphasis on power consumption has shifted the focus of machine learning. While
first wave of the machine learning was revolutionized by the repurposing of the SIMD GPU
architecture, the next wave of machine learning will emphasize simpler models with high
energy efficiency. This effort will be supported by the growth of 5G and the internet-of-
things (IoT) to create a world of intelligent, interconnected technologies. Dynamic spectrum
sharing (DSS), which enables device-to-device (D2D) communication, is one area that can
benefit from efficient models. This work hypothesizes that a neural network model known
as the delayed feedback reservoir (DFR) can achieve a lower average power consumption,
latency and area for spectrum occupancy predictions on FPGAs compared to general-purpose

CPU-based neural network approaches.

Oi0  OUooioiodo

The objective of this thesis is to compare the average power consumption, latency and
area of FPGA and CPU-based DFR implementations for spectrum sensing. This thesis
aims to prove that FPGA implementations are ideal for this application compared to CPU-
based implementations. The DFR, conceptualized in [14], has shown promising results for
enabling low power machine learning in wireless edge devices [15-18]. In this thesis, the
mathematical DFR algorithm is translated into a digital hardware implementation for a
field-programmable gate array (FPGA). The FPGA is used to verify the DFR’s plausibility
as a method to support cognitive radio applications in edge devices, such as spectrum sensing.
Lastly, the DFR architecture is optimized using high-level synthesis (HLS) design techniques
and integrated with a software-defined radio (SDR) architecture to demonstrate its ability
for real-time radio frequency (RF) data processing. After an examination of the model’s

predictive performance and efficiency on two different FPGAs, new directions for further
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improvement are suggested. To the best of our understanding, this is the first work to
demonstrate a mixed-signal reservoir computing system for spectrum sensing, as well as on

a software-defined radio.

Qo0 Uodiil bbobbiiboed

This chapters of this thesis are organized in a way that (1) introduces neural network mod-
els for time series prediction, (2) details the time series prediction task of interest, namely
spectrum sensing, and (3) proposes the novel DFR architectures for FPGAs that can per-
form spectrum sensing on edge devices. Chapter E summarizes reservoir computing for
time series prediction and the DFR model. Chapter B overviews previous approaches for
applying machine learning and reservoir computing methods for wireless edge device ma-
chine learning tasks. Chapter @ discusses FPGA design methodologies for creating hardware
neural networks. Chapter B overviews the hybrid FPGA-ASIC DFR system developed and
demonstrates the system’s capabilities. Chapter B analyzes HLS techniques that can further
optimize the DFR system. Chapter B overviews the HLS DFR system integrated with a
software-defined radio. Chapter B concludes the work presented in this thesis and proposes

directions for future research.
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While on the one hand convolutional neural networks (CNNs) have revolutionized image
processing capabilities, shown by their ImageNet classification performance in [4], recurrent
neural networks (RNNs), on the other hand, have proven to be invaluable for processing time
dependent data. Unlike CNNs, RNNs feature feedback connections between neurons which
allow the network output values from previous data samples to influence the output of future
samples. Figure El] shows a simple one neuron RNN and an unrolled version of the network.
Here, at a single time step t, both the input X; and the feedback from the neuron hy are
weighed by U and Vv respectively before being passed through the neuron. The result from
the neuron is multiplied by w to produce the network’s output prediction. This behavior is
equivalent to an unrolled version of the network where the output from the neuron at the
first time step, hp, is used to determine the output of the neuron at the second time step,

h;.

Traditional RNNs are trained using an approach called backpropagation through time (BPTT).
Similar to standard backpropagation used for CNNs, BPTT works by using the error of the
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Figure 2.1: Basic architecture for a single neuron, recurrent neural network.

network’s prediction to adjust the input, feedback, and output weights. The size of the time
window used for BPTT can be adjusted to evaluate the influence of multiple time steps on
the network’s accuracy. However, many have found that the practice of increasing the time

window leads to the exploding gradient and vanishing gradient issues [@]

The exploding gradient issue occurs when a particular feedback weight, v, has backprop-
agated error values (i.e., the gradients) whose product is greater than 1 for each weight
update [] When this occurs, the gradient that is used to update the feedback weight will
continue to grow exponentially. An exponentially large weight value significantly reduces
the accuracy of the network by increasing the output error calculated by the cost function.
A similar phenomena occurs when the product of the gradients for a feedback weight is less
than 1 for each weight update, resulting in the vanishing gradient issue. In this scenario the
feedback weights will not be updated and the output of the cost function will remain un-
changed. The exploding and vanishing gradient problems have inspired researchers to study
new forms of recurrent neural networks that avoid these issues: long short-term memory

(LSTM) and reservoir computing (RC) networks.

LSTM networks, proposed in [], are composed of memory cells: artificial neurons that
retain data and use gates to control the flow of this data. Contemporary LSTM cells use three

types of gates: (1) input gates to control when new data is processed by the cell and stored
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in memory, (2) output gates to control when output is read from the cell, and (3) forget gates
to clear information stored in the cell [20]. When paired with gradient clipping techniques,
LSTMs effectively solve the exploding and vanishing gradient issues. LSTMs have achieved
state of the art accuracy on time series prediction tasks such as speech recognition [21].
However, hardware implementations of LSTMs are still limited by their complexity since a
large number of computationally intensive matrix multiplications are required for inference

and BPTT-based training.

000 OOobobolo gobobiibd Ouiboooo

Reservoir computing (RC) networks were proposed as an alternative to traditional RNNs in
the early 2000s [22]. The model proposed, called an echo state network (ESN), is composed
of a “reservoir” of randomly and sparsely connected neurons. These neurons resemble those
found in traditional neural networks with the sum of the weighed inputs being transformed
by an activation function. The process by which the neurons are interconnected establishes
the “echo state property”. This property states that neurons shall be connected in such a way
that the output of each neuron echoes throughout the network and establishes a type of short
term memory [23,24]. Training in ESNs only occurs on the output synapses, which avoids
the exploding and vanishing gradient issues that were found with BPTT methods. Training
can be performed with simpler linear regression algorithms such as ridge regression, ordinary
least squares (OLS), and stochastic gradient descent. Jaeger demonstrated that an ESN was
able to achieve similar performance to a standard RNN for modeling a moving average time
series [22]. He also notes that ESNs may be preferable to other RNN techniques because of

their simplified architecture and linear training at the output layer.

Figure @ visualizes the organization of layers and neurons in a typical ESN. In this image,
portions of a discretized input time series u(n) are multiplied by input weights wj, and fed

into the ESN’s neurons. The neurons process the weighed input data, along with data from
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u(n) x(n) y(n)

090

Input Layer Reservoir State Readout layer

Figure 2.2: Basic architecture for a five neuron echo state network.

feedback connections multiplied by feedback weights wgy,. Neurons with connections to the
output layer have their output weighed by Wyt and accumulated to model or classify the

time series.

Similar to ESNs; liquid state machines (LSMs) are reservoir computing networks that feature
randomized internal connections and exclusive training at the output layer. LSMs differ from
ESNs by leveraging spiking neurons as their basic processing elements as opposed to artificial
neurons [@] Spiking neurons work by accumulating a sum, called a membrane potential, of
binary spikes that arrive from their synapses to produce an output [@] These neurons only
produce an output after a certain threshold has been reached, and the dynamics for how the

values inside of these neurons can vary depending on the model.

While the ESN and LSM models introduced nearly two decades ago provide techniques to
model sequential data with significantly less complex, they have not been used as widely
as LSTM RNNs. One reason for this may be due to a lack of industry exploration on
practical applications for reservoir computing. However, these models have the potential

to revolutionize time series prediction. ESNs and LSMs have been demonstrated in several
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applications, including spoken word detection, human activity recognition (HAR), and wave-
form classification [23,27]. Some authors have also demonstrated their ability to be modeled
and optimized using custom integrated circuit designs [28,29]. The idea of implementing
simplified RC models in hardware has been one of the major drivers in the research of an

even more minimalistic model known as the delayed feedback reservoir.

N 0 o

The delayed feedback reservoir (DFR) is a type of reservoir computing network that features
neurons arranged in a ring topology [14]. DFR networks have three primary features: an
input layer where input data gets masked and sent to the reservoir, a reservoir layer where
input gets passed through a non-linear transformation and delayed by N time steps, and an
output layer where each of the reservoir neurons has their data weighed and accumulated to
form an output prediction. The DFR simplifies the ESN architecture by utilizing only one
non-linear activation function at the first neuron, while the remaining neurons simply delay
the output value. The reservoir neurons are arranged in a simple ring architecture which
further reduces complexity. The advantage of the DFR architecture over the ESN is its ability
to be more easily realized in computer hardware as demonstrated by [[14, 15,17, 23,27, 30].
Since the ESN features a large number of non-linear nodes, its hardware implementation
would utilize significantly more energy and area compared to the minimal DFR model.

Additionally, some works have shown that the DFR can accomplish nearly the same accuracy

as the ESN on time series benchmarks such as NARMA10 [14,30].

The DFR can be conceptualized as a type of folded ESN. Figure @ helps to show this
by picturing a simple DFR architecture, and the unrolled version of the architecture. In
the first stage of the DFR, the masking stage, each input sample u(t) is multiplied by an
N 1 matrix of scalar values M. Once the input is masked, now J(t), each of the N sub-

samples is sent to the DFR’s non-linear node which is the first node of the reservoir. The
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Figure 2.3: Basic architecture for a five neuron delayed feedback reservoir network.
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DFR’s non-linear node transforms the weighted sum of the input J(t) and the time-delayed
reservoir output X(t ) based on a non-linear transformation function f(x). The output
of the transformation function is then sent to the chain of N virtual nodes that delays the
feedback by . Equation El! below models the behavior of the DFR’s reservoir stage. Here,
the input gain and the feedback scale are used to adjust the influence of the new input

and feedback on the reservoir state.

x®)=Ff J@)+ x(t ); (2.1)

During the readout stage, an output prediction Y(t) is generated by evaluating the weighted
sum of the values in each of the virtual reservoir nodes. Equation @ models the behavior
of the DFR’s readout stage. In this equation, wj is the weight of virtual node i, is the

feedback delay, and N is the number of virtual nodes.

X -
pO= wi x@t SN D) (2.2)

i=1
In order to train the DFR to accurately model a given time series, linear regression can be

applied at the readout layer. Equation @ shows the ridge regression approach taken to

generate a matrix of weights according to the previous reservoir states for each input.

X
W= y

TX XT+ T (2:3)

In this equation, y is an M length vector of expected outputs, X is a matrix of N reservoir
node values for each of the M inputs, | is the identity matrix, and is the regularization

coefficient.

The delayed feedback reservoir pioneered the idea of performing predictive tasks using neu-
ral network models with few non-linear transformations and recurrent connections. Future

experiments inspired by the Appeltant’s work, such as the folded-in-time neural network
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proposed in [B1], would demonstrate the capability of compacted neural networks on sophis-

ticated image classification benchmarks such as MNIST, CIFAR-10 and SVHN.
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Cisco’s annual internet report indicates that nearly 30 billion devices will be connected
to the internet by 2023: an increase of 5 billion devices from 2021’s estimate [32]. The
company suggests that the growing number of devices communicating directly, without the
need for human intervention, will attribute to this rapid growth. Machine-to-machine (M2M)
connections enable internet of things (IoT) devices to share data necessary for automation.
For example, a user’s internet-connected car may transmit its position to a smart home
controlling control the state of lights, air conditioning and security systems. Such an increase
in data being transmitted over the air will continue to impact the bandwidth and latency of

cellular communications.

This poses a challenge for emerging 5G networks. 5G networks are characterized by mas-
sive data transmission, strict latency requirements, and high device diversity compared to

previous generations [33]. To fulfill these requirements, researchers have proposed device-

14
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Figure 3.1: Sample use cases for device-to-device (D2D) communications.

to-device (D2D) links that circumvent communication through intermediary cellular base
stations, and instead transmit data directly between the devices [34,85]. These D2D links
take advantage of the spatial locality between devices to achieve faster and energy efficient
communication. D2D links are enabled by intelligent UOUIIO! 00000000 OOOOIOO capabilities
within a transmitting device [36]. By analyzing the cellular spectrum for idle subcarrier
frequencies, a transmitting device can attempt to send data to a receiver without explicit
time and frequency allocations [37]. Figure @ depicts several example use cases for D2D
enabled technologies. In this image, 1 depicts a standard cellular link, 2 depicts simple
D2D transactions between in-coverage mobile phones, 3 depicts a scenario where D2D links
can extend the base station coverage to out-of-range devices, and 4 depicts transactions

between devices both in and out of the coverage area.

D2D communication requires devices to analyze the RF spectrum before attempting to
communicate directly with other devices. This process, know as spectrum sensing, is an
important step to avoid interfering with other users operating within the same frequency

channel. Spectrum sensing is one of many cognitive radio applications where machine learn-
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ing algorithms are finding new applications.
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The number of connections that can be made over cellular frequency bands is limited by
the amount of spectrum available to users. Spectrum sharing is an approach that aims to
multiplex spectrum allocations by allowing secondary users to transmit data over a pre-
allocated channel when it is not being actively used by its primary users. The secondary
users are able to analyze the channel activity using machine learning spectrum sensing algo-
rithms that learn the access patterns of other users over time to avoid interfering with their

transmissions, while also providing efficient data transmissions of their own.

Traditionally, energy detection algorithms have been used for determining the availability of
spectrum frequencies. In such approaches, the energy of a received signal is simply compared
to a specific threshold to decide if it is safe to transmit over a wireless channel. In recent
years, machine learning (ML) has been proposed as a more sophisticated method for real-
izing distributed spectrum analysis in embedded systems [38]. ML algorithms demonstrate
the ability to learn temporal patterns in the signal’s energy variations over time to dynam-
ically predict whether or not a transmitter can send data over the channel. [39] provides a
survey of the potential applications of machine learning techniques for wireless communi-
cation, including dynamic frequency allocation, cooperative spectrum sensing, and channel
estimation. [40] overviews a joint recurrent neural network (RNN) and reinforcement learn-
ing approach which has been demonstrated by previous works to be well suited for practical

spectrum sensing.

[17] demonstrates a reservoir computing approach where a delayed feedback reservoir (DFR)
can be used to predict the occupancy of a wireless channel. This approach was noted to re-
quire low training complexity, few hardware resources, and minimal energy consumption,

which enables it to be realized in energy-constrained wireless edge devices. Figure @ illus-
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Figure 3.2: Execution of a delayed feedback reservoir (DFR) network used for spectrum

sensing.

trates how the DFR can be interfaced with an RF transceiver to perform spectrum sensing.

Typically the energy observed at the antennas of an RF receiver is used to determine whether
or not a subcarrier frequency is being occupied. During this process, in-phase and quadrature
(IQ) samples are first read from the RF interface of a receiver and converted into digital
representations using an analog-to-digital converter. Next, the measured energy of the RF

spectrum for the sample is calculated using the amplitude equation:

E=Pizv g (3.1)

The resulting energy is finally processed by the spectrum sensing algorithm to determine

whether or not the channel is occupied.

The challenge in spectrum sensing occurs when there is noise and interference present that
affects the expected energy measurement. Figure @ demonstrates this phenomena with
different levels of Additive White Gaussian Noise (AWGN). Here, four constellation diagrams
show the in-phase and quadrature components of four quadrature phase shift keying (QPSK)
symbols. As the amplitude of AWGN increases, the ability to determine if the spectrum is
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Figure 3.3: A visualization of the impact of noise on the ability to detect symbols from

in-phase and quadrature data.

being utilized becomes increasingly difficult. This is where static energy detection methods
would fail due to high variations in the energy calculated by Equation @ On the other
hand, dynamic spectrum sensing algorithms use previous spectrum occupancy behaviors
to determine the probability of spectrum occupancy. [41] has recorded sets of spectrum
occupancy data at various locations throughout Germany and the Netherlands. This data

can be used to recreate sets of RF samples that model realistic spectrum occupancy activity.

Lo bUibdbobtbhobot bbb

Software-defined radios (SDRs) are often used to test cognitive radio tasks such as spec-

trum sensing [42-44]. SDRs have historically been a popular way to implement flexible RF
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