A Conhgurable Digital
Neuromorpnic

Hardware Generator
for Heterogeneous

Computing

by

Jinhuang Lin

to obtain the degree of Master of Science
at the Delft University of Technology,
to be defended publicly on Thursday December 21, 2023 at 10:00 AM.

Student number: 5512549
Project duration: December 1, 2022 — December 1, 2023
Thesis committee:  Prof. Dr. K. Makinwa, TU Delft, supervisor
Dr. C. Frenkel, TU Delft
Dr. R. van Leuken, TU Delft

This thesis is confidential and cannot be made public until December 21, 2025.

Cover: Canadarm 2 Robotic Arm Grapples SpaceX Dragon by NASA un-
der CC BY-NC 2.0 (Modified)

Style: TU Delft Report Style, with modifications by Daan Zwaneveld

An electronic version of this thesis is available at http://repository.tudelft.nl/.

o]
TUDelft


http://repository.tudelft.nl/

Abstract

Recent trends in machine learning (ML) have placed a strong emphasis on power- and resource-efficient
neural networks, as well as the development of neural networks on edge devices. Spiking neural net-
works (SNNs), due to their event-based nature, are one of the most promising types of neural networks
for low-power applications. To accelerate and ease the deployment of SNNs on edge devices, this thesis
presents a configurable digital neuromorphic hardware generator for heterogeneous computing that is
capable of generating resource-efficient SNN processing cores. The proposed hardware generator is de-
veloped using SpinalHDL, a high-level hardware description language (HDL), which provides a high level
of flexibility in hardware generation. Our generator supports the configuration on various parameters and
is capable of generating a tree-structured multi-core architecture of heterogeneous cores. The generator
is deployed in a sensor-fusion hand-gesture classification use case, for which the configurability of our
hardware generator is a key enabler.
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Nomenclature

If a nomenclature is required, a simple template can be found below for convenience. Feel free to use,
adapt or completely remove.

Abbreviations
Abbreviation Definition
Al Artificial Intelligence
ML Machine Learning
ANN Artificial Neural Network
SNN Spiking Neural Network
FNN Feedforward Neural Network
RNN Recurrent Neural Network
BP Back-propagation
SGD Stochastic gradient descent
HDL Hardware Description Language
DVS Dynamic Vision Sensor
EMG Electromyography
Notations
Notation Definition
Ty, Notation of scalars (i.e. numbers).
XY, ... Notation of vectors.
XY, - Notation of matrices.
\Y Vxy = %’1 a% ;Tﬂ the gradient of scalar y
w.r.t. vector x.
® aob=[aib asby -+ a,b,], the Hadamard product
of two vectors or matrices of the same shape.
® a®b=[a;basb --- a,b], the Kronecker product of

two vectors or matrices.

v



Introduction

Thanks to the development of artificial intelligence (Al), human life has never been so convenient and
automated. With the help of Al, especially machine learning (ML) technology, people today benefit from
efficient gesture recognition, speech recognition, face recognition, and many other Al applications. To
perform these Al tasks, one of the methods is to first provide various inputs and desired labels and then
find a mapping from these inputs to the labels through a variety of learning algorithms. This method is
called supervised learning [61]. There are different models for supervised learning, for example, artificial
neural networks (ANNSs), support vector machines (SVMs), and decision tree. ANNs, as one of the models
for supervised learning, which is inspired by biological neural networks, are now commercially important.
ANNSs consist of many connected units called neurons, each of which receives activations produced by
weighted connected neurons or sensors perceiving the environment. The network can be trained to find
the weights that exhibit the desired output, such as recognizing a face [92, 59]. Traditionally, ANN training
is data-consuming and hardware-consuming in many cases. Therefore, many ANNSs run on cloud servers
to meet computational requirements, which require a low-latency and high-bandwidth Internet connection
when accessing these networks. However, in many practical issues, off-cloud Al is preferred for lower
latency and better privacy [20]. In these cases, ANNs should be able to run on edge devices, such
as edge servers, smartphones, and smart wearable devices (shown in Figure 1.1), where the hardware
resources that can support an ANN are limited, and power consumption might be a critical factor. For
example, according to the computation in [106], running a neural network model (OverFeat [94]) for image
recognition on a Google Glass may use up its 2.1Wh battery in 25 minutes. Therefore, to deploy ANNs
on edge devices and improve user experience, more energy-efficient models are required.

To solve this problem, a new-generation neural network model has been proposed, which is biologi-
cally more similar to biological neural systems than conventional ANNs. Spiking neural networks (SNNs),
mimic the spike behaviors of a neuron cell and are potentially more power-saving because spike events
that consume energy can be made sparse in time [101]. With SNNs and event-based sensors, taking ad-
vantage of the address-event representation (AER) protocol, it is also easier to merge data from different
sensors without any transformation. This merging paradigm is called sensor fusion, which improves the
accuracy and robustness of machine learning applications, such as recognition tasks. However, univer-
sal hardware (e.g., CPU or GPU) is not designed for SNNs, resulting in a performance bottleneck when
running SNNs. Therefore, specifically designed neuromorphic hardware is required for SNNs.

Different network structures might be demanded for specific applications. The hardware resources
consumed by the networks vary as the network varies. It would be efficient for hardware developers if
there were a universal hardware generator that could automatically generate hardware with the same
architecture but different parameters. Therefore, the main purpose of this project is to build a configurable
neuromorphic hardware generator for heterogeneous computing, which generates hardware capable for
SNNSs. As high-level hardware description languages (HDLs) are better at describing a parameterized and
flexible hardware architecture than conventional HDLs (e.g., Verilog and VHDL), high-level HDLs could
be a favorable option to speedup and simplify the hardware development flow.

The main contributions of this project include:

+ investigating and comparing several high-level HDLs,
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Figure 1.1: ANNs can execute on edge devices (i.e., end devices and edge servers) and on cloud data centers. End devices
include: smart glasses, smart phones, micro computers such as Raspberry Pi, smart cameras, etc. Figure adapted from [20].

* building a configurable hardware generator for SNN computing with selected high-level HDLs,
« verifying the configurability of the hardware generator with a field programmable gate array (FPGA).

The hardware generator we propose is highly configurable, providing users with both on-chip and
hardware-level configurability, which is also capable for scaling up with a multi-core structure.

In Chapter 2, preliminaries of neuromorphic hardware and its possible applications will be provided. In
Chapter 3, a method to generate configurable digital neuromorphic hardware will be introduced in detail. In
Chapter 4, neural network structures for gesture recognition and the corresponding hardware structures
will be introduced. In Chapter 5, we will introduce the verification process of deployed networks. The
network performance on the generated hardware will be analyzed. Finally, in Chapter 6, we give the
conclusion about the proposed hardware generator.



Background of Neuromorphic
Hardware

In this chapter, the background of neuromorphic hardware will be introduced, including preliminary knowl-
edge of SNNs, related work on SNN hardware, and SNN training. Applications of neuromorphic hardware
will also be introduced.

2.1. Overview of Neuromorphic Hardware

In this section, we will first introduce basic principles of spiking neural networks, including prerequisite
knowledge on the biological neural system, artificial neural system. Then, related work on neuromorphic
hardware systems and training frameworks for SNN will be introduced.

2.1.1. Basic Principles of Spiking Neural Networks (SNNs)

To understand the neuron models used in SNNs, we will first introduce the biological neurons, neuron
models in different neural networks, network architectures, spike encoding methods in SNN and learning
algorithms.

2.1.1.1. Biological neurons

A typical biological neuron consists of three parts: the dendrites, the soma, and the axon, as shown in
Figure 2.1a. Dendrites are where signals from other neurons enter the soma. The soma, also known as
the neuron body, acts as a "processor” that performs important nonlinear processing. An action potential
is generated if the total inputs arriving at the soma exceed a certain threshold. The generated action
potential is transmitted along the axon and delivered to other neurons. By placing an electrode on the
axon, the transmission of action potentials can be observed [44].

These action potentials generated by a neuron are also known as spikes. A series of identical spikes
emitted by a single neuron is called a spike train. Since the spikes in a spike train are identical in amplitude
(about 100mV) and duration (1~2ms), the information is carried by the intervals between the spikes, that
is, the number and timing of the spikes [44].

The junction between two connected neurons is called a synapse. A signal is sent from one neuron
to another across the synapse. The neuron that sends the signal is called the presynaptic cell/neuron
(neuron j in Figure 2.1b), and the receiving neuron is known as the postsynaptic cell/neuron (neuron i
in Figure 2.1b). The most common synapse in the vertebrate brain is the chemical synapse [44]. At a
chemical synapse, the presynapstic cell and the postsynapstic cell come very close to each other, leaving
a tiny gap between their cell membranes. When an active potential is transmitted to a synapse, a complex
chain of biochemical processing steps is triggered and neurotransmitter molecules are released from the
presynaptic cell to the gap. These molecules will later activate the receptors on the postsynaptic cell
membrane, causing ions to influx from the channels on the cell membrane. These ions will change the
potential difference across the membrane of the postsynaptic neuron and, in this way, the action potential
modulates the postsynaptic neuron [44]. The potential difference across the membrane is called the
membrane potential. The membrane potential will accumulate if multiple spikes arrive in a short period of

3
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Figure 2.1: (a) A single neuron (by Ramén y Cajal), and a schematic of a neuronal action potential: the action potential is a short

voltage of 1-2 ms and an amplitude of about 100mV. (b) A simplified schematic showing the signal transmission from a presynaptic
neuron j to a postsynaptic neuron i. Both figures are taken from [44].

time. When this potential exceeds a threshold, a new spike will be generated and after that the membrane
potential is reset to a low level. This process is shown in Figure 2.2.

u(t)

Urest \//— t

Input Spike Train Output Spike Train
Input Spike Train  —4— t
HH B N . .
Dendrite Axon Output Spike Train t

(a) (b)

Figure 2.2: (a) A neuron receives a input spike train. (b) The membrane potential curve of the neuron depicted in (a). u(t) is the
membrane potential curve. u.gt, the resting potential, is the membrane potential after reset. 6 is the threshold value. As spikes are
received, u(t) accumulates before reaching the threshold 6. When u(t) reach the value 6, this neuron generates an output spike.
Then, u(t) resets to urest. Figures are adapted from [44].

A synapse can be characterized by a parameter w, called synaptic weight, synaptic strength, or synap-
tic efficiency. Taking the synapse shown in Figure 2.1b as an example, we can use w;; to represent the
relationship between the amplitude of the response of the postsynaptic neuron i to the arrival of spikes
from the presynaptic neuron j. If this relationship is positive, the synapse is said to be excitatory, other-
wise, this synapse is inhibitory [44]. In an intuitive sense, an excitatory synapse has a positive weight,
and an inhibitory synapse has a negative one.

2.11.2. Neuron models in ANNs
As neural networks consist of neurons, the artificial neuron models are first introduced before we look into
the connections between these neurons, that is, network architectures. Although inspired by biological
neurons, the "neurons” in a contemporary ANN are usually characterized by a single static continuously
valued activation, instead of discrete spikes [101].

As shown in Figure 2.3, a typical single neuron in an ANN (a feedforward one, will be explained in
Section 2.1.1.3 - Network Architectures) takes a set of inputs {1, 22, - z,}, where n is the number
of presynaptic neurons to which this neuron is connected and z;, i € {1,---n} is the input from the
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presynaptic neuron i. These inputs are multiplied by a set of synaptic weights {wy, w2, -+ w,}. Here,
w;, © € {1,---n} is the adjustable synaptic weight of the input i. The weighted sum of these inputs is
computed, and this sum could include a bias, indicated as b in Figure 2.3.

In 1943, McCulloch and Pitts proposed a binary-threshold artificial neuron model [71]. The output of
the proposed neuron model can be expressed as [59]:

y-@(Zwizi—u>. (2.1)
i=1

In Equation 2.1, © is the Heaviside step function, where:

1, x>0
O (x) = 0. 2<0’ (2.2)

and u is a threshold value. The McCulloch-Pitts neuron can be generalized, using activation functions
instead of the step function in Equation 2.1. Also, in Equation 2.1, we often consider the term —u as a
bias. Therefore, the generalized form of a neuron could be expressed as

y=f(b+wx), (2.3)

where f(-) is the activation function, such as hyperbolic tangent (tanh) or rectified linear unit (ReLU), as
shown in Figure 2.3. Compared to the step function, these generalized activation functions are usually
differentiable, making it easier to perform learning algorithms (details in Section 2.1.1.6 - Learning Algo-
rithms). x and w are vector representations of inputs and weights, and

x1
x2 n
WX = [wy we - W) . = E Wi T
: =1
Tn

It is possible to find a mapping between input x and desired output y by adjusting the weight vector w in
Equation 2.3. The process of adjusting weights or other learnable parameters is called learning, which
will be introduced later in Section 2.1.1.6 - Learning Algorithms.

Today, most ANNs are second-generation networks. Together with the high computing power of ac-
cessible advanced graphics processing units (GPU) and advanced regularization methods, ANNs have
become deeper and deeper with a better ability to generalize hidden data, resulting in overwhelming
performance[101].

2.11.3. Network architectures
Before we introduce in detail the model of a single neuron in a spiking neural network, knowledge of
network architectures will be helpful for understanding key features of neurons in SNNs.

Network architectures are the patterns of neurons’ connections. For a single neuron, as mentioned
above, it is possible to find a mapping from a set of inputs x to a single output variable y by adjusting
the synaptic weights of the neuron. As neurons are connected in the form of networks, it is also possi-
ble to perform mappings between a set of inputs and a set of outputs. However, for different network
architectures, the properties of these mappings are also different.

ANNSs can be viewed as weighted directed graphs in which neurons are nodes and directed edges are
connections between neuron outputs and neuron inputs [59]. Generally, ANNs can be classified into two
categories, which are:

« feedforward neural networks and
* recurrent neural networks (RNNs).

In a feedforward network, loops are not allowed, whereas in a recurrent one, loops occur and form
feedback connections. Feedforward networks are considered static and memoryless, that is, the output
responses of a feedforward network are independent of historical inputs assuming the neurons maintain
no state. On the other hand, recurrent networks are dynamic and outputs may depend on previous inputs
because of loops that exist in these networks [59].
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Figure 2.3: A typical neuron model used in ANNs. Associated counterparts of a biological neuron is also shown in this figure:
inputs from other neurons or the environment are received with the synapses and then transmitted to the soma through dendrites.
The soma processes the inputs and sends the output y to the axon.
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One of the most commonly used feedforward networks is called the muiltilayer perceptron (MLP). In
a multilayer perceptron, neurons are organized into layers that have unidirectional connections between
them [59]. Figure 2.4 illustrates the general concept of a feedforward network, the concept of a single-
layer network, and the concept of an MLP. Each node in Figure 2.4 is a neuron, except for the input
layers (a neural network can receive input from the environment). Compared to a single-layer network
(i.e. perceptron), an MLP includes hidden layers between its input layer and output layer, which make
them capable to learn more complex functions. For simplification purposes, we assume that the layers in
an MLP are fully connected, i.e., each neuron in the previous layer is connected to all neurons in the next
layer and vice versa. In this case, if there are n neurons in the previous layer and m neurons in the next
layer, there will be n x m connections (i.e. n x m synapses).

Taking the MLP case in Figure 2.4c, the weights of a layer can be expressed as: wj;,i € {1,---n},j €
{1,---m}, where wj; is the weight that connects z; and y;. For each y;, the corresponding input weight
vector is w; = [w;1 wj2 --- wj,]. From Equation 2.3, assuming that neurons in this layer share the same
activation function f(-) and a uniform bias b, we can get the following.

yi =f(b+w;x) . (2.4)

If we rewrite Equation 2.4 with matrices and vectors, we have the following:

y=/f(b+Wx), (2.5)
where:
1 w11 W12 o Win
Y2 W21 W22 - Wa2p
y = b W: b)

Ym Wm1 Wm2 o Wmn
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Figure 2.4: (a) A concept graph of a feedforward network: there are no loops, the direction of a edge points from the output of a

neuron to the input of another neuron. (b) A concept graph of single-layer fully-connected perceptron: all input units are directly

connected to all output neurons. (c) An MLP concept graph: in an MLP, there are hidden layers between the input layer and the

output layer. In this graph, the MLP has 2 hidden layers. Assuming that the second layer is fully connected and has m neurons
and n inputs, there will be n x m connections.
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by

by
b= . (kab,kE{L”-m}).

bm,

Equation 2.4 can be applied to each single layer in an MLP and then the matching between the inputs
and outputs of the MLP can be derived.

An important application of MLPs is the multi-class classification problem in which the goal is to cor-
rectly classify input vectors into a number of possible classes space[10]. Usually, the number of neurons
in the output layer is the maximum number of classes that this network can recognize, with one output
neuron representing a single class.

There are other feedforward models proposed, such as the convolutional neural network (CNN) [41]
and the radial basis function nets (RBF) [12]. These models will not be introduced as they are not used
in this project.

As mentioned above, loops are allowed in an RNN, which makes it possible to memorize past states
of the hidden layers. Due to this memorizable feature of RNNs, RNNs are usually used to deal with tasks
with temporal tasks (e.g., audio recognition / classification), outputs in sequence (e.g., predicting the next
word of a set of words) or both (e.g., generating future frames with previous video frames) [4].

2.1.1.4. Neuron model in SNNs

The Hodgkin-Huxley model, proposed by Hodgkin and Huxley, is one of the early attempts to model neuron
behaviors[49]. The Hodgkin-Huxley model is an accurate model in biophysics and contains extensive
biological details. However, it is also complex with four nonlinear ordinary differential equations [38] and
is therefore difficult to use at present due to its high demand for computational resources [33]. Other SNN
models include: the spike response model (SRM) [60], the Izhikevich neuron model [57], and the leaky
integrate-and-fire model (LIF) [33]. Among these models, the LIF model is extremely popular because it
strikes a good balance between biological plausibility and practicality [33]. Therefore, we will focus on the
LIF model.

In the LIF model, the basic assumption is that the spikes are always the same (i.e., the same amplitude
and the same duration). Based on this assumption, the shape of the spikes is no longer important, and
the spikes are reduced to "events” that occur at a precise moment in time [44]. As introduced above, the
behavior of a postsynaptic neuron is closely related to the ion flux across the membrane. Figure 2.5 shows
how a neuron is modeled on the basis of its electrical properties. In the LIF model, the voltage across the
membrane is U, the flow of ions across the membrane is modeled with a current I;,,, the membrane is
modeled with a capacitor and the channel in the membrane is modeled with a resistor R, as it acts as a
pathway for the flow of ions, which charges the capacitor C [33].

First, ignoring the generation of spikes and the reset mechanism at this stage, it is possible to express
U, the voltage across the membrane, with I;,, R and C. Based on this model, we can get the following
equation (for the derivation in detail [44, 33, 32], please refer to Appendix A.1).

Td[git) = RIn(t) — U(t) . (2.6)

In Equation 2.6, 7 is the time constant and = = RC'. This equation is in continuous-time form and can
be rewritten in a discrete form with a timestep At (At <« 7):

Ut + At) = <1 - A:) U(t) + %le(t). (2.7)

We would have to derive a discrete-time expression of Equation 2.7 to adapt it to a digital system. As
long as At < 7, we can take At as a unit time step in Equation 2.7. We also use S to replace the term
(1 — £L), which can be called the decay rate of the membrane potential. Then, we can get a discrete-time

form of Equation 2.7, which is
Ult+1]=pU[t]+ (1 —B) RL;, [t] . (2.8)

In Equation 2.8, (1 — ) RI;, [t] is the input term at time ¢. However, in machine learning, the input is
always in the form of the product of an input vector and a weight matrix. Notice that the terms RI;, []
and U[t + 1] are of units [Voltage], if we assume that input and output should have the same units, it is
reasonable that we assume that the input vector x [¢] should be of units [Voltage]. Here, we assume that
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®

Membrane

Figure 2.5: Electrical properties of neurons: from biological neuron to LIF model. This figure is inspired by [44] and [33].

we have a resistor of 1 [Ohms], then we can get 1 - I,,,[t] of units [Voltage]. We also need to scale the
term (1 — 8) R with this 1-Ohm resistance and it becomes ((1 — 8) &), which is a unitless factor. In this
way, we can rewrite the term (1 — 8) RI,, [t] as follows.

R
(1= 8) Bl = (1) T ) (11 1) = wld] 29)
As a practical neuron should include multiple synapses, it is reasonable to expand the input I;,,[¢] into
an input vector. Therefore, in Equation 2.9, the term 1 - I,,, is replaced by the input vector x [t], which is
of units [Voltage]. And correspondingly, the term ((1 - B) %) is replaced by the weight vector w, which is
learnable. As a result, Equation 2.8 can be rewritten as:

Ult+1]=BU [t +wx[t] . (2.10)

Now, we include the generation of spikes and the reset mechanism in our model. As introduced
above, in a biological neuron, a spike is generated as the membrane potential exceeds the threshold.
This process is also known as fire. We have:

S[t] =0 (U [t] — Uhr) (2.11)

and

Ult+1] =AU [t] + wx[t] — SR - (2.12)

Here, S [t] is the output spike at ¢, Uy, is the firing threshold, which is learnable. © is the Heaviside
step function, which is expressed in Equation 2.2. When S [t] = 1, an output spike is generated. The
term S [t] R [t] is the reset term: when S [t] = 1, the membrane potential at the next timestep is reset to a
resting potential. Assuming that the membrane potential is always reset to zero, we have

R [t] = BU [t] + wxt] . (2.13)

Equations 2.11, 2.12 and 2.13, together, define a discrete-time LIF model, which is illustrated in Figure
2.6. Notice that in Equation 2.11, S [t] is either 0 or 1. As all inputs and outputs are normalized to {0, 1},
a neuron is activated only when it receives spikes. In this way, a neuron can remain silent if there is no
input, which can be exploited to reduce dynamic power consumption. Furthermore, the computation of
wx = X w;x;, i € {1,---n} will be less computationally intensive, as the multiply-accumulate (MAC)
operation needed to perform this calculation can be greatly simplified with a binary and sparse input vector
[87].
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Another thing worth noting is that in Equations 2.12 and 2.13, § should be in (0,1). If 8 = 1, the leaky
integrate-and-fire model degrades to an integrate-and-fire (I&F) model because there is no leakage in the
membrane potential U [t]. If 5 = 0, the model reduces to a stateless artificial neuron in Equation 2.1.

/" Synapses
Ult+1]= BULt]+wx[1)- S[{IR[1]
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Figure 2.6: A LIF neuron model used in SNN, with n inputs.

2.1.1.5. Spike encoding and decoding in SNNs

As introduced in 2.1.1.1, in a biological neural system, the information is carried by the intervals between
spikes. However, in practical applications, inputs are usually not intrinsically in the form of spikes. For
example, inputs could be the intensity of pixels in an image or the amplitude in an audio recording. There-
fore, unless the sensor emits spikes, we have to convert raw inputs into spikes before feeding them to
the network. As outputs from an SNN are also sequences of spikes, it is also necessary to arrange the
spikes in a way that is recognizable. These processes are called input encoding and output decoding:

1. input encoding: Conversion of input data into spikes which is then passed to a neural network;
2. output decoding: Processing of output spikes in a meaningful and informative way [32].

Figure 2.7 shows some encoding and decoding strategies. For input encoding, we have the following
options.

1. Rate coding converts the input intensity into a firing rate or spike count. As shown in Figure 2.7, after
rate coding, the high-intensity input is expressed with a dense spike sequence and the low-intensity
input is converted into a sparse spike sequence.

2. Latency (or temporal) coding converts the input intensity into the order in which the spikes occur.
For example, in Figure 2.7, an input with higher intensity is encoded into a spike that occurs earlier
than the spike corresponding to an input with lower intensity.

3. Delta-modulation converts a temporal change in input intensity into spikes [32]. As shown in Fig-
ure 2.7, spikes occur when the input signal increases. However, this is a basic version of delta-
modulation, in which the decreases in a signal are not properly represented. To overcome this
problem, we may need to choose another variant of the delta-modulation scheme, which will be
discussed in Section 2.2.1.

4. ltis also possible that input data can be passed to an SNN without any conversion.
For output decoding, we can choose from the following.

1. Rate coding decodes the output value with a firing rate or spike count. For classification problems,
as shown in Figure 2.7, the output neuron with the highest firing rate or spike count is chosen as the
predicted class.

2. Latency (or temporal) coding decodes the output value with a time-relevant spike output. For the

classification problem, usually, as shown in Figure 2.7, the output neuron that fires first is chosen as
the predicted class [32].
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decoding strategies are independent. [32]

Usually, delta-modulation is used to convert time-varying inputs, such as audio signals. Latency coding
or rate coding can be used to convert static inputs, such as an image, into spike sequences. Compared
to the latency coding scheme, rate coding provides better robustness and is easier for learning processes
as more spikes are provided or generated. However, since more spikes are processed by the SNN under
the rate coding scheme, using latency coding is faster and more power-efficient for an SNN [32]. In this
project, for input encoding, delta-modulation will be applied because the sensor and interface used in this
project are based on this scheme (details in Section 2.2.1). For output encoding, we choose the rate
coding scheme, which is simple to implement on both hardware and software.

2.1.1.6. Learning algorithms

As mentioned above, learning is the process of finding the desired match between inputs and outputs
by adjusting the weights (or other learnable parameters) in a neural network. In other words, learning
is the optimization process of a neural network. During this process, the learning rules determine how
the weights are updated. A learning algorithm refers to a procedure in which learning rules are used
to update weights or other parameters [59]. Based on the information available for the models during
the learning process, we can classify a learning process into two main paradigms, namely unsupervised
learning, supervised learning.

In supervised learning, the network is provided with a set of input patterns and the corresponding
“correct” output for every single input pattern. Weights are updated to make the outputs of the network as
close as possible to the provided output patterns. On the contrary, a ground truth for output patterns is not
required for unsupervised learning. Unsupervised learning uses the underlying structure in the data, or
correlations between input patterns, to organize them [59]. For example, unsupervised learning is usually
used to group input data into several clusters.

Supervised learning is widely used in classification problems. Because we will mainly deal with classifi-
cation problems in this project, we will introduce learning algorithms on the basis of the supervised learning
scheme. Unless specified otherwise, further discussion on learning in the remainder of this thesis refers
to supervised learning.

In supervised learning, the provided dataset of input patterns and the corresponding outputs is called

the training set. We can define a training setas T = {(x(l), d(l)) , (X(Q), d(2)) Lo (x(p), d(p)) } which is

a set of p training patterns (input-output pairs), where x() € R" is the input and d? e R™ is the output
ground truth. Here, m represents a maximum of m classes in classification problems [59].
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A common way to optimize a network is to first define a loss function £, which quantifies the distance
between the expected output and the actual output of a neural network [59]. Some of the commonly used
loss functions include the mean squared error (MSE) loss and the cross-entropy (CE) loss. Then, the
goal of the learning algorithms is to minimize the loss function in the training process. In these training
processes, especially for training an MLP, two types of algorithm are commonly used: one is the back-
propagation algorithm and the other one is one of the various optimization algorithms.

The backward propagation of error (back-propagation or BP in short) algorithm is probably the most
well known algorithm in the field of machine learning. When we use a feedforward neural network, the
process of giving an input x and eventually getting an output y is called forward propagation, in which the
information propagates from the input to the output through the hidden units of a neural network. On the
contrary, backward propagation allows the error gradient information to flow backwards from the output
to the input, using the chain rule for derivatives shown in Equation 2.14 [46].

oy "y Ou;

In Equation 2.14, we assumed that y is a scalar, y = f(u), u = [u1 ug --- un), u; = g;(x) and x =
[x1 @2 -+ xzp,]. If m =1, we can get a simplified version of equation 2.14, that is,

gy dy ou
dx;  Oudx;

(2.15)

With the chain rule mentioned above, we can use BP to calculate the gradients with respect to all the
required parameters in the network, across all layers of the network (e.g., an MLP) [59, 10].

As an example, the processes from forward propagation to back-propagation in a fully-connected MLP
are described in Algorithms 1 and 2.

Algorithm 1: Forward propagation through a typical fully-connected MLP, adapted from [46].
Require : L: Network depth
Require: W) i € {1,2,--- L}: The weight matrices of each layer
Require :b(i),z’ € {1,2,--- L}: The bias parameters of each layer
Require : x: The input to the network

1 h® =x

2 fork=1,2,---Ldo

3 | a® = p* + WP R*D (k) js the activation of the k" layer)

4 | h%® = f(a®) (h"™ is the output of the k" layer)

5 end

6 y = h'") (yis the output of the MLP)

Algorithm 2: Back-propagation through a typical fully-connected MLP after a feedforward pro-
cess, based on the results from Algorithm 1, adapted from [46].

Require : d: Desired output pattern

Require : £: The loss function

g VyL=V,L(y,d)

fork=LL—-1,---1do

3 | g« VawL=go f'(a®) (Convert the gradient on the layer’s outputs into a gradient on the
activations)

4 Vi L = g (Calculate the gradients on the biases of the k™" layer)

N =

T
5 Vo £ = (g ® h(’“_l)) (Calculate the gradient on the weights of the k¥ layer)

6 g V-l = gW(’“) (Propagate the gradient w.r.t. the next lower-level hidden layer’s
activations)

7 end

In Algorithm 2, we can see that the gradient computation process starts from the output layer and goes
backward to the first hidden layer. See Appendix A.2 for details of how the gradients are calculated layer
by layer.
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Algorithms 1 and 2 show how to compute gradients on £ based on a single input-output pair. In
practical use, we usually use a small batch of data, rather than a single input-output pair. A batch is a
subset of the entire training set. A batch with p’ samples can be expressed as:

B — {(X<1>7d<1)) 7 (X<2>7d<2>) <X<p'>7d(p'>)} BCT.

In this case, the loss function should cover all samples in a batch. Therefore, the loss function is written
as follows:

/

p

1 i i
/_‘,B:p,;/j(y,d”). (2.16)
Gradients are now expressed as
1 A N
Vols= V0 SNr (y(”, d‘”) : (2.17)
i=1

where 0 is the learnable parameter in the network (e.g. W or b).

The BP algorithm provides a way to compute the gradients, and optimization algorithms, on the other
hand, use these gradients to update the parameters in the network and minimize the loss. The stochastic
gradient descent (SGD) algorithm is one of the widely used and important optimization algorithms. Many
optimization algorithms are developed from SGD, including a popular algorithm called Adam, whose name
is derived from the phrase “adaptive moments” [46]. The Adam algorithm is shown in Algorithm 3.

Algorithm 3: The Adam Algorithm, adapted from [46] and [62].

Require : a: Step size (suggested default: 0.001)

Require : 1, 35 € [0,1): Exponential decay rates for moment estimates (suggested default: 0.9
for 81 and 0.999 for f35)

Require : e: A small constant for numerical stability (suggested default: 10~%)

Require : 8: Initial parameters

1 m <« 0 (Initialize 15' moment vector)

2 v < 0 (Initialize 2% moment vector)

3 t < 0 (Initialize time step) while stopping criterion not met do

4 Get a new minibatch B from the training set T.

5 | g Vo Zf;l L (y(i), d(i)) (Compute gradients using Algorithm 2)
6 t—t+1

7 m «+ fim+ (1 — 31) g (Update biased first moment estimate)

8 v+ /iv+ (1 — 52) g © g (Update biased second moment estimate)
9 m«+ 1_—’"[31 (Compute bias-corrected first moment estimate)
10 v 1_"65 (Compute bias-corrected second moment estimate)

1n | A0 = —oéﬂiJre (Compute update, vV is applied element-wise)
12 0 < 6 + A6 (Apply update)

13 end

As shown in Algorithm 3, Adam sets an update rule and updates the parameters based on the gradients
acquired in Step 5. « is also known as the learning rate, which is a parameter controlling the step length
of updates. 5; and 3, are parameters that adjust the learning rate in the learning process. m and v are
moment vectors. These vectors are introduced to accelerate the learning process.

Generally, Adam is regarded as a robust algorithm [46], and also performs well on recurrent networks
in addition to feedforward networks [33].

Quantization

Quantization is the process of reducing the number of bits of the parameters, including synapse weights, in
a neural network model. Reducing the bit precision of the parameters allows for a significant improvement
in memory utilization and power efficiency [96]. For example, it is common to quantize 32-bit floating-point
parameters into integers with lower bitwidth.
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There are two main methods of quantization, namely quantization-aware training (QAT) and post-
training quantization (PTQ). QAT involves the quantized network model directly in the training process,
and PTQ quantizes an existing network, without retraining [109]. In most cases, QAT results in a better
accuracy than PTQ.

To quantize a value, a quantization function mapping high-precision values to lower ones must be
provided. A common quantization function that maps a floating-point value r to an integer is

Q(r)=1Int(r/S)—Z. (2.18)

In Equation 2.18 [109], S is a floating-point scaling factor and Z is an integer zero point [45]. r is the
parameter (e.g.~weight) to be quantized. Int (-) is the function that assigns the scaled r to an integer, such
as a simple ceiling function. The quantization function in Equation 2.18 performs uniform quantization as
all r values are scaled by the same factor S so that the distance between quantized values is the same.
Non-uniform quantization, on the contrary, will result in non-uniform distances between quantized values.

The scaling factor in Equation 2.18 can be expressed as

-
9% _1°

where § and « are the upper bound and lower bound of the range of quantized values and b is the
quantization bit width [109]. If o = 3, the quantization is symmetric and Z is 0.

5 — (2.19)

2.1.2. Related Work

In this sub-section, we will first introduce the key event-based interface widely used in neuromorphic
hardware systems. Then, some state-of-the-art SNN hardware will be introduced. In this part, we will
also focus on the reconfigurability of these hardware systems. At the end, a brief introduction to the
available training framework for SNN will be provided.

2.1.2.1. Event-based interface
Before we introduce the state-of-the-art hardware for SNNs, we would like to first introduce the key inter-
face used in SNN hardware.

Address-event representation (AER) is an inter-chip point-to-point communication protocol. This proto-
col is designed based on the characteristic of SNNs: events (spikes) are sparse in time, and computation
is only required when an event (spike) is generated or received [87]. Whenever a neuron fires, its address
is output as a packet to the inter-chip data bus. Based on the assumption that the interval between the
events (spikes) in a neuromorphic system is much longer than the time needed to transmit an address,
addresses can be multiplexed on a digital bus. The receiver chip then can decode the addresses into
corresponding events [86]. An AER packet can also include other types of information (e.g., the time of
events or accompanying instructions) along with the addresses [110].

Each communication cycle of the AER protocol involves a four-phase handshake [11] mechanism.
This four-phase handshake is controlled by two handshake signals, namely request from the sender and
acknowledge from the receiver. The AER communication channel and the timing between a sender and
a receiver are shown in Figure 2.8.

In many cases, a purely point-to-point communication protocol might be too simple to handle the
communication between the cores, and hence limit the design of more complex architectures. In this case,
other routing methods (e.g., multicast) are required, as well as an extended or modified AER protocol,
specifically the packet structure [110].

2.1.2.2. SNN hardware
Unlike non-spiking ANNs, which can be greatly accelerated by GPUs with powerful tensor computation
ability, the sparse event-driven and stateful nature of SNNs is ill-suited for GPUs or CPUs, and hence
needs specifically designed hardware. To improve the efficiency of SNNs, neuromorphic hardware sys-
tems optimized for SNNs have been developed over the past decade [79]. These efficient hardware sys-
tems enable the deployment of SNNs on edge devices, including mobile phones and internet-of-things
(IoT) devices. Some of these systems also support online learning, allowing learning on the device with
dedicated synaptic weight update circuitry, in addition to inference with trained networks.

In general, these neuromorphic systems can be classified into analog/mixed-signal and digital systems.
Although memristor-based neuromorphic hardware has shown great potential in terms of area and energy
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Figure 2.8: (a) Schematic of an AER communication channel. In this scheme, a sender and a receiver are connected with a data
bus and a request line from the sender, and an acknowledge line from the receiver. A spike from neuron 1 of the sender is first
coded and sent to the data bus, followed by two events from neuron 2. The receiver then receives and decodes the events from

different neurons in exactly the same order. The sender and receiver could be different cores of the same chip, different chips
connected together, or a sensor output interface and the input of a processor. Figure adapted from [87]. (b) Timing diagram of an

AER communication cycle. A communication cycle includes four phases: the request signal from the sender is first pulled high as

the data are sent to the bus (edge 1); then the receiver responds with a high signal on the acknowledge line after acquiring the
data (edge 2); once the sender receives the acknowledgment, it pulls down the request (edge 3); finally, as the receiver receives
a low signal on the request line, the acknowledge is pulled down and a communication cycle is accomplished (edge 4).
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efficiency [86], we will not discuss these systems because they are not yet mature. Besides these two
categories, we also want to emphasize the configurability and scalability of the hardware systems. An
overview of the neuromorphic hardware systems based on the two categories and the two specific topics
is given below.

Analog/mixed-signal neuromorphic processors

In an analog/mixed-signal scheme, the subthreshold or weak-inversion circuit not only saves power but
also provides biological emulation for neuron behavior [86], since the current flow in the MOS transistor
follows a diffusion mechanism, identical to that of the ion flow through an ion channel of a neuron cell [38].

The reconfigurable online learning spiking neuromorphic processor (ROLLS) [84] has 128k analog
synapses and 256 adaptive exponential integrate-and-fire (AdExp') neurons. Its scaled-up version, the
180-nm dynamic neuromorphic asynchronous processors (DYNAPSs) [72] chip, is a quad-core system
with 256 analog AdExp neurons implemented in each core. The digital communication logic of DYNAPs
is fully asynchronous. The dynamic neuromorphic asynchronous processor with scalable and learning
(Dynap-SEL) is an improved version of DYNAPs with an advanced 28-nm fully depleted silicon on insulator
(FDSOI) process [83, 102]. Dynap-SEL can be integrated into an array of up to 256 chips, which forms a
large system. Neurogrid [9] is another mixed-signal multichip neuromorphic system designed to perform
biological emulation of biological neural networks. The whole system consists of 16 Neurocore chips
connected in a binary tree structure on a printed circuit board (PCB). Each Neurocore chip supports 64k
neurons with its 180-nm MOS transistors operating in the subthreshold regime [9, 42].

Another kind of analog/mixed-signal circuit emulates the mathematical models of neurons or synapses.
In this case, the MOS transistors operate in the above-threshold regime [38].

BrainScaleS [91] is a wafer-scale neuromorphic system, implemented with an above-threshold analog
circuit that models 180k AdExp neurons and 40 million synapses on a single 20-cm wafer. This above-
threshold analog circuit, together with a high-speed digital communication network, can run at an accel-
eration factor that ranges from 103 to 10° compared to biological time constants [91]. Multiple wafers can
also be connected together through inter-wafer connections to form a cluster [42]. A second-generation
BraubScaleS has also been designed [73], which uses a more advanced 65-nm process.

Digital neuromorphic processors

Compared to analog/mixed-signal circuits, fully digital circuits are much less sensitive to non-ideal effects,
such as mismatch, noise, and PVT (process, voltage, and temperature) variations. Digital circuits also
provide high programmability.

Following a distributed von Neumann architecture, SpiNNaker [77] is designed to model and simulate
large-scale SNNs. This system is composed of a large array of nodes, each containing a chip multiproces-
sor (CMP) with 18 ARM968 processing cores. Each processing core in the CMP is capable of simulating
up to 1000 neurons. The full-size system contains more than 1 million processors, organized in a globally
asynchronous and locally synchronous (GALS) architecture [77].

Another GALS design is the IBM TrueNorth [16, 2]. This fully digital 28-nm chip contains 4096 neu-
rosynaptic cores. Each core implements a 256 x256 crossbar connecting 256 neurons, each with 256
synaptic inputs [16, 42].

Loihi [27] , developed by Intel, is a 14-nm digital neuromorphic chip. It is a fully asynchronous digital
design that supports online learning. It consists of 128 neuromorphic cores and a total of 130k neurons.

Darwin [69] is a neuromorphic co-processor targeted for embedded applications [110]. By using a time
multiplexing scheme, Darwin can simulate up to 32k LIF neurons with only 8 physical neurons on the chip
[69]. As a co-proccessor, it stores the information of synapses in off-chip memory.

The online-learning digital spiking neuromorphic processor (ODIN) [40] is based on a 28-nm FDSOI
CMOS process. Its 256 neurons support both the Izhikevich model and the LIF model. These 256 neurons
are organized under a 256 x256 time-multiplexed architecture. The tinyODIN is a simplified version of
ODIN without online-learning capability. It uses the same crossbar structure as ODIN, which is able to
simulate 256 LIF neurons [37].

MorphIC [39] is a 65-nm quad-core neuromorphic processor organized with a hierarchical routing
scheme. Each core comprises 512 LIF neurons in a crossbar array. It also supports online learning.

"Nomenclature: this model is first introduced in [14] as "aEIF”. Other abbreviations include "AEI&F” [29], "AdExp-I&F” [110] or
just "AdExp” [38].
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Wenquxing 22A [108] is a neuromorphic processor based on a general-purpose RISC-V CPU. By
integrating SNN units into the architecture of a CPU, the general-purpose CPU can handle neuromorphic
tasks based on the LIF model, including online learning.

SENECA [100] is a digital neuromorphic architecture that offers great configurability with a hierarchical-
controlling system. In this architecture, a RISC-V controller and a loop buffer are integrated, providing
flexible pipeline controls and memory controls. This architecture supports various algorithms and can
scale up into a many-core structure.

Reconfigurable neuromorphic hardware

Reconfigurable hardware provides users with high configurability to adjust the connections between neu-
rons, the parameters of neurons and synapses, and even adjust the structure or composition of hardware
itself. Here, to better compare the configurability, we divide these reconfigurable hardware systems into
two categories: on-chip reconfigurable hardware and reconfiguable hardware generators.

On-chip reconfigurable hardware

On-chip reconfigurable hardware here refers to hardware systems that allow users to program connections
in the network or the parameters of neurons and synapses. Most neuromorphic hardware systems provide
users with on-chip configurability and allow them to define the connections of the network, for example:

* ROLLS provides configurable synapse properties, network topology, and neuron properties [84].
That is, the activation modes of synapses, the connectivity between synapses and neurons, and the
behavior of neurons can be reconfigured.

» The TrueNorth architecture [16] is configurable with various parameters. By configuring these pa-
rameters, users can choose from a range of neuron behaviors: 2 synapse modes, 2 leak modes, 4
leak direction modes, 3 threshold modes, and 6 reset modes. Based on this, it is also possible to
perform various functions with a single neuron or multiple neurons. For example, various neuron
encoding schemes, including rate coding and population coding, and various arithmetic functions,
including division, square root, etc.

+ Loihi [27] offers high configurability for users, including configurable online learning rules, variable
synaptic weight resolution (could be signed or unsigned) and delay, configurable spike filtering win-
dow for online learning, etc.

+ DARWIN uses a time-multiplexing architecture with a reconfigurable memory array. This allows
users to choose between a higher number of neurons and a higher time resolution of synapses.
That is, with fewer neurons, there will be more space in the memory array for more fine-grained
spike timing resolution and vice versa. This is defined as a configurable degree of time-division
multiplexing [69].

* ODIN provides two optional neuron models to choose from, that is, the Izhikevich model and the LIF
model. The parameters for these models are also programmable [40].

« SENECA offers great on-chip configurability. That is, it supports various types of neuron and
synapse model because no specific models are built. Instead, different neuron/synapse/learning
models are realized with the instructions running on the controllers. With its flexible memory struc-
ture, it also supports different network models, such as MLPs, spiking CNNs, and recurrent spiking
neural networks (RSNNs) [100].

Reconfigurable hardware generators

The field programmable gate array (FPGA) is a type of hardware that allows prototyping arbitrary digital
logic through its programmable interconnects. In this way, it is possible to prototyping application-specific
neural network architectures and adapt them when needed.

The reconfigurable architecture for neuromorphic computing (RANC) [70] is a software-hardware ecosys-
tem that can generate FPGA implementations of neuromorphic processors with software-specified param-
eters. These parameters include number parameters (e.g., the number of axons per core, the number of
neurons per core, etc.) and bitwidth parameters (e.g., the bitwidth of a weight, the bitwidth of a potential
value, etc.).
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Scalability of neuromorphic hardware systems

Scalability is important for a neuromorphic hardware system. Scaling up a system enables it to handle
neural networks with higher complexity, while scaling down a system reduces its power consumption and
resource usage.

For silicon-based neuromorphic hardware systems, scalability here means the ability to build larger
systems using individual cores, chips, or platforms. For example, multiple BrainScaleS wafers can be
meshed together and form a computing platform of the EU Human Brain Project [42]. Scaling up a system
in this way will be a great challenge for the routing system, which should ensure that the communication
between chips/systems is reliable.

In FPGA implementations, scaling can be done by configuring the parameters of corresponding units
or memory. For example, by simply decreasing the number of neurons and the number of axons per
neuron, RANC can generate a smaller core that occupies less look-up tables (LUTs) and block memory
in an FPGA [70]. In this sense, a reconfigurable system has a higher potential for scalability. An FPGA-
based system can also be scaled by increasing or decreasing the number of cores in a multi-core system.
In this case, a routing method and a corresponding router architecture are necessary.

2.1.2.3. SNN training framework

In practice, a neural network is typically trained through a machine learning framework, such as PyTorch
and TensorFlow, which are capable of loading data in the workflow, creating models, optimizing model
parameters, and saving trained models [82].

Despite the fact that there are many frameworks available, they are by default not intended for SNN
tasks. There are frameworks specifically designed for SNN, such as SpikingJelly [35] and snnTorch [33].
As the training framework is not the main concern of this project, we will only briefly introduce one of the
key SNN training frameworks: snnTorch.

snnTorch
snnTorch is a Python package to perform gradient-based learning with spiking neural networks, which
applies back-propagation rules to SNNs. It extends the capabilities of PyTorch, taking advantage of its
GPU-accelerated tensor computation and applying it to networks of spiking neurons [33]. snnTorch has
integrated some predesigned neuron models, including the LIF model. Taking a network of LIF neurons,
we will explain how snnTorch applies the learning algorithms we discussed previously.

The LIF model provided by snnTorch is a modified version of the one defined in Equations 2.11, 2.12
and 2.13. The three equations that define the LIF model (assuming that the membrane potential is reset
to zero) in snnTorch are listed as follows:

St]=0U[t] - Usnr) , (2.20)
Uft+1] = BU [1] + wx |[50 — S [ = | | (2.21)

and
R[t+1}:ﬁU[t}+wx[t+1} . (2.22)

The modification in orange is made to map to an RNN representation, without any change in perfor-
mance [33]. We can easily recognize the term wx|t + 1] in Equation 2.21 as the current input and the
terms pU|t] and S[t|R[t + 1] as influences from past states. In this way, this discrete and recursive form of
the LIF model can take advantage of developments in the training of RNNs and sequence-based models
[33].

The spiking neuron model defined by Equation 2.20, 2.21 and 2.22 can also be unrolled like an RNN
model. Figure 2.9 illustrates an unrolled graph of a spiking neuron. Here, I,,,[t] = wx(t].

By unrolling an SNN into a computational graph in Figure 2.9, it is possible to calculate the outputs,
losses, and gradients based on the flow of information over time. With this computational graph, 5 can
be treat as a learnable parameter instead of a hyperparameter.

Although we have a clear computational graph, there is still a problem when we try to apply back-
propagation to the network: the Heaviside step function ©(-) is not differentiable. When we try to get the
partial derivative of £ w.r.t.~a weight w, %, we are supposed to get the following equation with the chain
rule [33]:
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Figure 2.9: Equivalent spiking neuron illustrated with an unrolled computational graph, adapted from [33].
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dw  9SoU dw

Here, due to the non-differentiability of the step function, the partial derivative of a spike w.r.t.~a mem-
brane potential, %, is either 0 or co. Therefore, in the backward pass, the Heaviside step function is
replaced by a differentiable function. For example, we can choose the shifted arc-tan function and use

25 to replace 42 [33], where

oU
oS 1 1
2=z . 2.24
oU w1+ (7(U—Upy))? ( )
Here, S = Larctan (7 (U — Ug,y)). In this way, Equation 2.23 becomes [33]
oL 0L 050U (2.25)

dw ~ S oU dw

This replacement method is called the surrogate gradient approach, which is only applied in the back-
pass process. The default surrogate gradient method in snnTorch is the arc-tan surrogate gradient, as
shown in Equation 2.24 [32].

With the unrolled computational graph and the surrogate gradient, snnTorch is able to perform the
back-propagation algorithm. snnTorch provides several loss functions to choose from, and optimization
algorithms, including Adam, are also integrated in this PyTorch-based framework. The entire learning
process of an SNN can be thus performed with snnTorch.

Quantization tool: Brevitas

snnTorch itself cannot involve weight quantization in the training process, although it can perform quanti-
zation on the membrane potentials. Therefore, we need to introduce a quantization tool to perform weight
quantization.

Brevitas is a suitable tool that supports uniform quantization. Brevitas supports various quantization
schemes and can cooperate with various frameworks under a single unified application programming
interface (API) [78]. It has been proven that Brevitas can work well with snnTorch [33] and an example
can be found in [31]. Brevitas is also capable of performing both QAT and PTQ techniques in the learning
process.
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2.2. Application of Neuromorphic Hardware in Heterogeneous Com-
puting

With neuromorphic hardware designs and suitable network models, it is possible to conduct a number of
machine learning applications on a neuromorphic hardware system, e.g. robotic, biomedical, or computer
vision applications, to edge-cutting neuroscience research such as the human brain project (HBP) [54],
and the SyNAPSE program [2].

In real-world applications, sensors are often included in the system to collect information and feed it
to neural networks running on neuromorphic processors. Therefore, in this section, we will first introduce
event-based sensors and event-based encoding interfaces. Then, we will introduce sensor-fusion. Fi-
nally, we will introduce a specific real-world application based on sensor-fusion, which will be used as a
benchmark for this project.

2.2.1. Event-based sensors

Event-based sensors record information as a sequence of events, similarly to biological neural systems.
Therefore, event-based sensors are naturally compatible with SNNs and are a promising avenue for low-
power computing [87]. These sensors usually work asynchronously and rely on the AER protocol (as
discussed in Section 2.1.2.1) to communicate with a neuromophic processing system.

Event-based vision sensors
An event-based camera is a bio-inspired vision sensor that acquires visual information in an event-based
manner. These cameras can output a stream of events that can signal the intensity, local spatial contrast,
or even temporal changes in the brightness? of each pixel.

The DVS [67], which stands for dynamic vision sensor, is probably the most well-known event-based
camera. It outputs events signaling brightness changes of each pixel with a differencing circuit. The
pixel-level circuit and the working principle of the DVS are shown in Figure 2.10.
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Figure 2.10: The pixel-level schematic and working principle of DVS. (a) The pixel-level schematic. Changes in intensity lead to a
log change in V. (b) The working principle of DVS. When changes in Vi reach a threshold, an on or off spike is triggered
depending on the sign of V. Then, Vi is reset to zero. This process is asynchronous. Both figures taken form [67].

Because of its working principle, a DVS is able to output events asynchronously. As DVS pixels are
only sensitive to changes in brightness, given a steady scene illumination (i.e., steady background), the
events output from a DVS usually indicate movement of objects in the field of view, without background
information. The event-based output scheme of the DVS offers: high temporal resolution (~ 1us), low
latency (each pixel outputs independently), low power (power only used to process changing pixels), and
high dynamic range [43]. Figure 2.11 compares the output of a frame-based camera and a DVS [32].

Other event-based sensors include: DAVIS240 [13], ATIS [80], DVS-Gen4 [99], etc.

Event-based auditory and olfactory sensors
Event-based sensors are also available for auditory or olfactory sensing tasks.

2The term "brightness” refers to log intensity [43].
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Figure 2.11: Comparison between a frame-based camera and a DVS. (a) Outputs from a frame-based sensor (above): The
movements of the three moving objects are recorded together with the background at a fixed frame rate. Motion blur can occur
due to a limited shutter speed. Outputs from a DVS (below): Only the movements of these objects are recorded continuously and
asynchronously, since pixels only react to a change in brightness. (b) lllustration of a frame-based camera and a DVS for a waving
hand. Output from a frame-based camera (above): an image includes a background and a blurred hand. Output from a DVS in a
period of time (below): green dots and red dots represent events of different polarities (the black background is only for illustration,
the information of steady background without any changes in brightness will not be output).Figures are from [32].
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For auditory tasks, a good example is the AER EAR [19], which is a matched silicon cochlea pair with
an AER output interface. This sensor is able to provide output over 32 channels with its cascaded low-
pass filters, each channel being responsive to an adjustable frequency range. Other event-based auditory
sensors include [66] and [68].

For olfactory sensors, also known as electronic noses (ENs), some event-based solutions are dis-
cussed in [65], [75] and [52]. However, compared to event-based vision and auditory sensors, event-
based olfactory sensors are less investigated, resulting in a lack of benchmarks for their implementation
and performance evaluation [105].

Event-based interfaces for sensory applications

In case an event-based sensor is not available for certain sensory applications, event-based encoding
can be applied to translate non-event-based signals into event-based representations, as discussed in
Section 2.1.1.5 - Spike encoding and decoding in SNNs. With a proper conversion, non-event-based
signals can be interfaced with neuromorphic systems.

Corradi and Indiveri reported on an event-based recording system in [26]. Integrated as part of ROLLS
[84], this system serves as an interface that converts non-event-based signals from sensors into event-
based signals before feeding them to the neuromorphic cores. Some practical applications have been
proposed using this delta-modulator ADC algorithm. One of the applications discriminates electromyog-
raphy (EMG) signals, a commonly used biomedical signal, for example, in hand-gesture recognition, with
an SNN [29]. In this application, the full system can perform EMG recognition with low power consumption
(0.05mW) [29]. The working principle of delta-modulation is equivalent to the one shown in Figure 2.10b
[26].

2.2.2. sensor-fusion
sensor-fusion is a sensing paradigm that combines sensors measuring a physical phenomenon or process
in different ways to obtain complementary information, thereby improving performance on specific tasks.
sensor-fusion has been applied in various domains, including autonomous vehicle applications [36],
robotic applications [3], emotion recognition [111], medical diagnosis [50], etc.
For event-based sensors, it is even easier to perform sensor-fusion as all readouts from the sensors
use an AER interface. This allows for a straightforward fusion by an SNN without the need for any trans-
formation in the raw data.
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2.2.3. Using SNNs in Gesture Recognition Applications
A typical machine learning application for the edge is gesture recognition. To enhance the recognition
performance, the sensor-fusion can be used.

Ceolini et al. proposed a fully neuromorphic sensor-fusion scheme for hand-gesture recognition [18].
This system integrates vision data and eletromyography signals from muscles to realize an accurate and
robust hand-gesture recognition. An SNN is designed and deployed on neuromorphic chips to process the
data from the sensors. The neuromorphic system is capable of attaining a gesture-recognition accuracy
comparable to that of a conventional machine learning model running on a GPU system, but is faster and
more energy efficient.

This system collects vision data and electromyography data of gestures with an event-based camera
(DVS) and an EMG armband sensor called Myo. The DVS sensor has been introduced in 2.2.1. As for the
Myo armband, it is a wearable device embedded with eight equally spaced noninvasive electrodes, each
collecting signals from the forearm muscles at a 200Hz frequency [18], which are converted to spikes. To
verify this system, a dataset involving samples of five gestures is acquired, which is described in [17]. The
setup of the sensors and the five gesture categories are shown in Figure 2.12.
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Figure 2.12: Sensor setup and involved gestures. (a) The sensor setup in the hand-gesture recognition application. A DVS is
used to collect vision data and a Myo band is used to collect skin electromyography data. Something worth noting is that the
output of Myo is not event-based, the output of Myo is converted to events with the delta-modulation approach, as discussed in
2.1.1.5 and 2.2.1. (b) Five gestures involved in the dataset. Figures are adapted from [18].

In order to benchmark our configurable hardware generator, which is proposed in 3.2, we will reproduce
this application with the dataset provided in [17].



Generation of Configurable Digital
Neuromorphic Hardware

In this chapter, the method used to generate a configurable neuromorphic digital hardware and the insight
of the proposed hardware will be provided.

3.1. High-Level Hardware Description Languages (HDLSs)

Hardware description languages (HDLs) are languages that model hardware logic. These languages are
human-readable and support the development, verification, synthesis, and testing of digital hardware de-
sign [56, 55]. Among these HDLs, Verilog and VHDL have been used in the industry for decades. Both
Verilog and VHDL are standardized by the IEEE [56, 55] and are well supported by mainstream hard-
ware development tools. However, as hardware becomes more complex, more efficient design tools are
required. As part of the design toolchain, HDLs could be more scalable by improving their reusability.
Traditional HDLs, such as Verilog and VHDL, were initially developed for simulation purposes and are
generally not flexible for large and complex circuits (e.g., configurable multi-core neuromorphic hardware)
by making it hard to reuse and customize components, leading to low designer productivity [8, 5]. There-
fore, in this project, it is necessary to introduce a higher-level HDL that can better describe configurable
hardware.

By applying modern software programming language features, such as object-oriented and functional
programming, polymorphism, and abstract data types, the reuse problem of HDLs starts to be addressed
as the abstraction level increases [104, 107, 88]. At this moment, there are promising HDLs with higher
abstraction levels, the most famous one being Chisel (Chisel3 in particular) [8]. Other outstanding high-
level HDLs include SpinalHDL [98], CAash [5] and MyHDL [107].

To verify the capability of the HDLs mentioned above in building configurable neuromorphic hardware,
a reconfigurable integrate-and-fire neuron written in Verilog is re-implemented using these languages, and
the low-level HDL (i.e. Verilog) files generated by these languages are verified with a testbench. Results
show that all these languages can generate a basic building block of a complex neuromorphic circuit. In
order to choose from these HDLs, we analyze and compare these languages in five metrics:

* modularity,

+ high-level circuit modeling flexibility,

* readability of the generated lower-level HDL,
+ quality of the documentation,

* long-term support.

With these criteria, it is possible to choose an optimal high-level HDL for the development of a neuro-
morphic hardware generator in this project.

In the following subsections, we will first give a brief overview of the selected high-level HDLs. These
high-level HDLs will then be discussed in detail on the basis of the five metrics mentioned above. Fi-
nally, the results will be given in the form of a comparison table, clearly showing the reason for choosing
SpinalHDL in this project.

23
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3.1.1. Overview of High-Level HDLs

3.1.1.1. Chisel

Chisel, which stands for the Constructing Hardware in a Scala Embedded Language, can describe cir-
cuits at the register-transfer level, where each operation processes the contents of one or more source
registers and assigns the result to a target register [23, 95]. Base on the Scala programming language,
it incorporates features such as object orientation, functional programming, parameterized types, and
type inference, which are often found in modern programming languages [8]. More specifically, Chisel
is a library of class definitions, predefined objects, and usage conventions that are necessary to express
digital circuits within Scala [93]. Chisel can generate fast cycle-accurate C++ simulators for a design, or
generate low-level Verilog or VHDL for synthesis [8]. Chisel works with FIRRTL (Flexible Intermediate
Representation for RTL), which transforms target-independent RTL into technology-specific RTL and per-
forms optimizations of Chisel-generated circuits [23, 58]. Figure 3.1 shows the workflow from Chisel to
Verilog. Chisel source code is first compiled and results in .class files that run on the Java Virtual Machine
(JVM) with the Scala build tool (SBT) and the Scala compiler (Scalac). Then, the JVM runs the .class
files and generates circuits represented with intermediate representations (e.g. FIRRTL). In the final step,
these intermediate representations (IRs) are compiled to generate the required Verilog files.

r——— - —- - - - - - - - -/ — —/ —/ —/ —/ /1
| Chisel Code Scala Java Byte Code Chisel |
| (*.scala) w| Compilation . [(*.class) 1 »| Elaboration |
(SBT + Scalac) (Jvm)
| v |
| E|-EIJ:I:ILIHI..|.‘L'I.| FIRRTL IllElflilrllltcd |
| . f.”'.c_u:'l w=| Compilation "J;' b |
(*firl*.ph) (FIRRTL) [*.v)

Chisel + FIRRTL

Figure 3.1: Workflow from Chisel to Verilog [63].

Chisel is one of the most successful open source high-level HDLs, as it owns a large community and
has already been used to develop company projects, such as Edge TPU, an Al inference accelerator
developed by Google [22].

3.1.1.2. SpinalHDL

SpinalHDL is another Scala-based language [98]. Therefore, SpinalHDL provides features similar to
Chisel, such as object-oriented and functional programming. Parameterization and hardware code gen-
eration are also well supported by Scala’s features [8]. Compared to Chisel, SpinalHDL provides better
clock domain support and modeling functions, which will be discussed in the following subsections. Fig-
ure 3.2 shows how SpinalHDL generates Verilog or VHDL files. As a Scala-based HDL, SpinalHDL also
works with SBT and JVM, which is similar to Chisel. Unlike Chisel, SpinalHDL generates Verilog or VHDL
from Scala source files directly without generating intermediate representations (i.e. FIRRTL), which is
faster than Chisel when generating Verilog or VHDL files. It is easier to access the netlist when using
SpinalHDL, as the netlist can only be accessed through FIRRTL in a Chisel setup.

3.1.1.3.C)ash

Computer Architecture for Embedded System (CAES) Language for Synchronous Hardware (C\ash, read
as Clash) is a functional hardware description language originally developed by the University of Twente
[5]. As a library of Haskell, the development can be done with the Haskell compiler. Based on a purely
functional programming language, CAash models combinational logic with functions and sequential logic
with stream data structures and recursive equations [104]. The basic working principles include: 1) every
function is translated to a component, 2) every function argument is translated to an input port, 3) the
result value of a function is translated to an output port, and 4) function applications are translated to
component instantiations [5]. Since Haskell supports parametric polymorphism, functions can be used
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Figure 3.2: Workflow from SpinalHDL to Verilog [97].

without specifying actual types. This feature, which improves the abstraction level, will be discussed in
subsection 3.1.2 [5].

Figure 3.3 shows the workflow of the CAash compiler. In this workflow, the original Haskell description
is first translated into core, a small typed functional language, with the Glasgow Haskell Compiler (GHC).
Then, the core description is transformed into a normal form which corresponds directly to hardware [5].
Then, back-ends will generate VHDL or Verilog on demand.

Haskell Source — Normalized —
+ Core Y

GHC {front-end Normalization VHDL back-end

A ,y

VHDL Netlist

——>Core

Figure 3.3: Workflow of the CA\ash compiler [5].

3.1.1.4. MyHDL

MyHDL is a Python-based hardware description language. The idea of MyHDL is to model hardware
modules with Python generators and decorators [107]. MyHDL generators are similar to always blocks in
Verilog and processes in VHDL [76]. Figure 3.4 shows the scheme for generating Verilog and VHDL with
MyHDL. A Python source file is first elaborated without convertibility limitations to obtain a hierarchy of
Python generators. In the second stage, the code generator will analyze this hierarchy using the Python
introspection application programming interface (API) to generate VHDL or Verilog [107].

3.1.2. Evaluation of Selected High-Level HDLs

First of all, an integrate-and-fire neuron written in Verilog is re-implemented using all four high-level HDLs.
This standard neuron model supports both positive and negative overflow protection and has a config-
urable resolution. A testbench shows that all the generated Verilog files are functionally correct and equiv-
alent. Although all high-level HDLs are capable of implementing a simple neuron, it is not enough to
conclude that these HDLs are capable of implementing a large-scale and complex neuromorphic circuit.
Therefore, this section will evaluate and compare the high-level HDLs along the following metrics:

* modularity,
* high-level circuit modeling flexibility,
+ readability of the generated lower-level HDL,
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Figure 3.4: Workflow from MyHDL to Verilog and VHDL [107].

+ quality of the documentation,
* long-term support.

The final results are shown in Table 3.1. Details of this table will be discussed below.

Table 3.1: Comparison of Selected HDLs

Language Chisel SpinalHDL Clash MyHDL
Parameterization Features +1 + + ~
Programming Paradigm OOP andFP | OOPand FP | Pure FP | OOP and FP

Modularity Overall + + ~ ~
Circuit Structuring + + + ~
Clock Domain Configuration ~ + + -
Signed Representation + + + -
Other Modeling Function ~ + ~ -
High-level Circuit Modeling Flexibility Overall ~ + ~ -
Internal Signals ~ ~ - +
Code Structure ~ + - ~
Annotations - ~ ~ ~
Readability of Generated Verilog Overall ~ i - +
Manual/ Guide v v v v
Tutorial v X v v
) ) Cheat Sheet 4 v v v
Quatlity of Documentation Overall 7 V4 X <

Year of Creation 2010 2014 2009 2009
Major Releases in the Last 2-year 22 18 9 0

Stars on GitHub 3.2k+ 1.4k+ 1.3k+ 900+
Community Events 126 86 61 43
Long-term Support Overall + ~ ~ -
Overall ~ + ~ -

'+ = Good, ~ = Average, - = Bad. These notes also apply to other tables in this thesis.

3.1.2.1. Modularity
Modularity is the key factor that we will emphasize in this section. Here, modularity indicates the parame-
terizable features of a language. A language that provides better modularity features will make the codes
and components more reusable. As all four high-level HDLs are based on existing modern programming
languages, the properties provided by the base language should be carefully considered on top of the
HDL libraries or extensions.

The programming paradigm of each high-level HDL will be introduced and discussed first, followed by
a discussion on the parameterization features of each HDL. The comparison of modularity is included in
Table 3.1.

Programming paradigm

The programming paradigm is a critical factor that affects the parameterization of an HDL. The two pro-
gramming paradigms used by the selected high-level HDLs are object-oriented programming (OOP) and
functional programming (FP), which are discussed hereafter.
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The key features of OOP are objects, classes, and inheritance. An object contains a collection of
operations, which are called methods, and a state that remembers the effects of these operations. A
class can define how objects can be created [74]. In the field of HDLs, hardware can be modeled as
objects. As an object has a method interface instead of an RTL-style hardware interface, object-oriented
programming makes it easier to manage global variables by encapsulating them into an object [28, 74].
For example, in SpinalHDL, the resize method can be applied to a number to extend or truncate it to
the required bit width, which can be called with x.resize(y). Here, x is a bit vector and y is an integer.
x . resize(y) will return a resized copy of x, which is y-bit wide [98]. An example in MyHDL is that a register
signal and its next state can be represented by reg_name and reg_name.next. These features can help
to manage values and registers in a clearer way. Furthermore, object-oriented programming offers high
reusability of components and codes by organizing classes and objects in a systematic way [74].

Functional programming structures a circuit with pure functions [104]. Global variables and commands
no longer exist in a functional programming scheme. With these properties, functional programs are nat-
urally parallel [74], avoiding the problem of a value being accessed by different functions or expressions
at the same time, which is important when modeling sequential logic. Another feature of functional pro-
gramming is that since no command is available, recursion is used.

Both of the programming paradigms discussed above provide useful properties for hardware gener-
ation. Chisel, SpinalHDL, and MyHDL offer both the OOP and FP paradigms, and CAash only supports
the FP paradigm [8, 88, 5, 107]. In this respect, CAash is less flexible than the other three HDLs.

Parameterization feature
A powerful feature of these selected programming languages is polymorphism, which allows a function to
handle different data types [5, 15].

In Scala, taking Chisel as an example [23], it is allowed to define a function as:

Listing 3.1: Example of a polymorphic function in Scala.

def Mux[T <: Bits](c: Bool, con: T, alt: T):
T = { /«function body=/ }

In this definition, the function Mux takes arguments ¢ of Bool, con and alt of type T, and returns type
T. Defined by the espression in the [T <: Bits], type T can be any subclass of Bits, including Sint (signed
integer) and Uint (unsigned integer) [23, 90]. In this way, the type T of arguments becomes a parameter
of this function so the polymorphic function can support different types, including bit vectors with different
widths, with the same interface [93], and returns a result corresponding to the given T. Therefore, these
polymorphic functions are more powerful than functions simply parameterized with bit widths. SpinalHDL
supports the same definition style [97].

A similar definition style is also supported by CAash and MyHDL, which abstract a low-level type to a
higher-level type. For example, in CAash, the following function is supported [5]:

Listing 3.2: A polymorphic function definition in Haskell.
first :: (a, b) -> a

In this first function, the notation ::, which can be read "has type” [53], is followed by the declaration
of the types, showing that this function maps inputs of type a and type b to an output of type a, where a
and b can be any type supported by the Clash compiler. The type is parameterized in a and b. These
definitions with parameterized types greatly improve the reusability of the function. Constructing circuits
with this kind of function will therefore improve modularity.

MyHDL is different, as Python is a dynamically typed language. Therefore, polymorphism in MyHDL
is not constrained by static check, and error-checking is deferred to the latest possible time for maximal
flexibility [1]. For example, in MyHDL, the signal types of a circuit module are not defined or checked until
the circuit module is instantiated, which is shown in the following code:

Listing 3.3: Example of the polymorphism of Python.

@block
def inc(count, enable, clock, reset):
*»”” Circuit description of inc block”””

def convert_inc(hdl):
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»”” Convert inc block to Verilog or VHDL.
count = Signal(modbv(0)[8:])

enable Signal (bool (0))

clock Signal(bool(0))

reset = ResetSignal(0, isasync=True)
»”” Signal type definition for block inc
inc_1 = inc(count, enable, clock, reset)
inc_1.convert(hdl=hdl)

"y

Here, all signal types are defined (lines 7 to 10) when converting this circuit block to Verilog or VHDL,
which offers great flexibility. However, these dynamic features may cost more effort when debugging.

A comparison of the modularity of these languages can be made based on the discussion above. As
CAash only supports FP, it is not as competitive as the other three high-level HDLs in the programming
paradigm category. The parameterization features of these languages are similar, but statically typed
languages such as Haskell-based and Scala-based languages are preferred as they make debugging
easier.

3.1.2.2. High-level circuit modeling flexibility
In this subsection, the problem we are focusing on is building a complex circuit with packed parameterized
blocks. Even though a building block or module can be well parameterized, building a complex circuit with
basic blocks is not straightforward. Therefore, high-level HDLs should provide some structuring tools to
simplify this process.

To evaluate the support for building a complex circuit, circuit structuring will be first discussed. Then,
the support for clock domains, signed representation, and modeling for other circuit components in a
complex circuit, including buses and communication interfaces, will be discussed.

Circuit structuring
Ideally, a high-level HDL should easily generate a structured circuit given basic blocks, for example, gen-
erating an adder chain with basic adders.

Scala-based HDLs provide a useful method called reduce. Given a list of elements, the reduce method
can take a function (or an anonymous function) and apply that function to successive elements in the same
list [90]. This function applied to two neighboring elements can be any function that takes two inputs and
gives a single output, such as "add”. An example with an FIR filter implementation is provided on the
Chisel website [23]. Figure 3.5 shows the structure of an FIR filter, where

yli = e li]-bli-jl - (3.1)
X (2 Z]

b0 ~(X b1+® b2—-><>

Figure 3.5: Structure of an FIR Filter [23].

In Chisel, the reduce(_ + _) method is equivalent to the operation 3" and an FIR can be modeled as
[23]:

Listing 3.4: Code of an FIR in Chisel3 [23].

/!l Do the multiplications
val products = Veclnit.tabulate (bs.length)
(i => zs(i) %= bs(i))
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// Sum up the products
io.out := products.reduce(_ + )

Here products is a list of the internal products of an FIR, and products.reduce(_+ _) forms an adder
chain that sums up these internal products. The method fabulate generates a list of the same length as
bs. Each element in this list is calculated by zs (i) *bs (i). The SpinalHDL impelementation is similar.

An example of generating an FIR filter with CAash is given in [5]. The equivalent FIR can be imple-
mented with CAash using zipWith and fold. In CAash, zipWith provides an even simpler way to get multiple
results, that is, zipWith(*) [1; 2][3; 4] becomes [1*3; 2*4]. This method basically does the same work as
tabulate in Scala, which maps the elements in two lists with a given function and generates a new list.
The method foldl1 reduces a vector using a chain structure from left to right. For example, folding a list xs
with function f (i.e. foldl1 f xs) results in the circuit in Figure 3.6, where x0, - - - xn are the elements of xs.
To generate chain structures in other forms, other "fold” methods can be used. For example, the method
fold generates a tree-like structure.

sung

Figure 3.6: Circuit layout generated by foldl1 f xs in CAash [25].

The same FIR filter as in Figure 3.5 can be implemented by C)ash as [5]:

Listing 3.5: Code of an FIR in CAash
products = foldl1 (+) (zipWith (*) as bs)

Python also provides a similar reduce method to perform reduction calculations [81]. However, the
reduce method is not fully supported by MyHDL: it can only be used in simulation and cannot generate a
corresponding circuit structure in Verilog. This problem is explained in [51]. Therefore, generating an FIR
or complex structured circuits with MyHDL takes more effort than with the other three high-level HDLs.

To conclude, with methods such as reduce in Chisel or SpinalHDL [90], or foldl1 in CAash [25], a chain
structure can be generated. A tree structure can also be modeled by reduceTree in Chisel [93] or fold
in Clash [25]. To map two lists, tabulate in Chisel or SpinalHDL [90], or zipWith in CAash [25] can be
applied. With these methods, it is easier to automate complex circuit connections. It is thus important
in the evaluation of complex circuit modeling. As these mentioned methods are not fully supported by
MyHDL, MyHDL is less competitive in this category.

Clock domain configuration
Both SpinalHDL and C\ash support a direct definition of clock domains. These clock domain definitions
make it more convenient to use the same module in different clock domains.

In SpinalHDL, a configuration of a clock domain can be defined as [98]:

Listing 3.6: Example of the configurations of an clock domain in SpinalHDL [98].

val defaultCC = ClockDomainConfig (
clockEdge = RISING,
resetKind = ASYNC,
resetActivelLevel HIGH

In this configuration, the clock edge, reset kind, and reset level can be defined. SpinalHDL also offers
clock domain crossing support, as it provides a simple function to generate a clock domain crossing buffer
[98]. These features are important when designing a complex system with multiple clock domains.

Clash also supports a similar way to construct a clock domain. In fact, all signals in CAash should be
stated under a clock domain [25].
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These clock domain constructs are not supported in Chisel. Furthermore, in Chisel, the reset and
clock are implicit by default. An asynchronous reset can only be obtained with an explicit definition that
includes clock and reset signals, such as [23]:

Listing 3.7: Explicit definition of clock and reset in Chisel3 [23].
val resetAgnosticReg = withClockAndReset(clk, rst)(Reglnit(0.U(8.W)))

where the explicit reset signal can be set as asynchronous.

As for MyHDL, it does not provide any dedicated feature for clock definition. The way it defines clocks
and resets is like the way Verilog does, which is not as straightforward and high-leveled as what SpinalHDL
does [28].

Signed representation

Signed arithmetic is supported by Chisel, SpinalHDL and CAash [23, 98, 25]. Many methods or functions

are also provided to perform both signed and unsigned arithmetic. An outstanding feature of SpinalHDL

is that fixed-point and floating-point representations are supported (although still under test) [98].
MyHDL represents signed numbers in a different way. The key point is that the authors of MyHDL

wanted to perform arithmetic like with normal integers, which however allows for non-standard usages.

An example of signed signal definition in MyHDL is shown as follows [28]:

Listing 3.8: Definition of a signed signal in MyHDL [28].
a = intbv (6, min=-13, max=7)

In this definition, a is a 5-bit signed integer bit vector (intbv) with the value of 6 and the allowed range
of ais -13 to 7. Though such an unconventional definition style is allowed, it is misleading and may cause
difficulty for hardware engineers if the arithmetic part needs debugging.

Other modeling functions for circuit components
All these high-level HDLs provide methods for modeling memory and finite-state machines (FSMs). How-
ever, SpinalHDL is more powerful as it can also model other circuit components, such as

Buses
SpinalHDL provides many templates for different bus protocols, including the APB3 and the AXI4. With
these templates, a bus protocol can be easily deployed in a complex design [98].

Communication interfaces
SpinalHDL also provides templates for communication interfaces such as UART and USB [98].

3.1.2.3. Readability of the generated Verilog

The Verilog files generated by the four languages for the same integrate-and-fire neuron model are com-
pared in terms of readability. To compare the readability more objectively, the following factors are taken
into consideration:

* internal signal names,
» code structure,
* annotations.

Table 3.2 shows the detailed readability comparison of Verilog generated by different high-level HDLs.
For reference, the full source files can be accessed on the GitHub repository”.

Internal signal names

Take signal sign_ext_syn_weight in the original Verilog file as an example, which corresponds to a gated
sign extension operation. The following part shows the different assignment expressions of the exact same
signal in different codes:

1 https://GitHub.com/BlackJackJam/HDL_For_Neuromorphic
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Table 3.2: Readability of each HDL

Languages Chisel | SpinalHDL | Chash | MyHDL
Internal signals ~ ~ - +
Code structure ~ + - ~

Annotations - ~ ~ ~

Overall ~ + - +

Listing 3.9: Original Verilog code.
assign sign_ext_syn_weight = spike_in ?
$signed ({{(N-S){syn_weight[S-1]}}, syn_weight})
$signed(’'d0);

Listing 3.10: Equivalent Verilog code generated by Chisel
wire [5:0] sign_ext _syn_weight = io_spike_in ?
$signed (_sign_ext_syn_weight_T_4)
$signed (6 ’sh0);

Listing 3.11: Equivalent Verilog code generated by SpinalHDL
assign sign_ext_syn_weight = (io_spike_in ?
_zz_sign_ext_syn_weight
_zz_sign_ext_syn_weight _1);

Listing 3.12: Equivalent Verilog code generated by CAash
assign c$case_scrut =

($\sim$ ((((c$bv[6-1]))) == 1'b1))
& (((((c$bv_0[6-1]))) == 1°b1)
& ((((c$bv_1[4-1]))) == 1'b1));

Listing 3.13: Equivalent Verilog code generated by MyHDL
always @(syn_weight, spike_in) begin:
if (spike_in) begin

sign_ext_syn_weight = syn_weight;
end
else begin
sign_ext_syn_weight = 0;
end
end

From the different assignment expressions, it is obvious that CAash fails to reproduce the original signal
name when generating Verilog, which causes inconvenience when debugging. Chisel and SpinalHDL
generate intermediate signals with names similar to the final one, which is good for debugging. Because
the coding style of MyHDL is similar to Verilog, the signal names typed in MyHDL are just copied to the
generated Verilog file.

Code structure
The code structure generated by SpinalHDL is the clearest.

Chisel and C)Aash generate code with multiple @always blocks for sequential logic instead of grouping
them. MyHDL generates codes with @always blocks that can be misleading, as they use a specific
sensitivity list of combinational signals (also visible in the example for MyHDL above).

There are numerous duplicated signals in the file generated by C\ash.
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Annotations

As opposed to SpinalHDL, CAash and MyHDL, the Verilog file generated by Chisel includes numerous pre-
compile annotations, i.e., more than 50% of the generated file. These annotations make the generated
code hard to read. However, some of them can help trace back to the original line of code and are useful
when debugging.

3.1.2.4. Quality of documentation

Given that the selected high-level HDLs are not yet the mainstream choices for hardware generation, the
quality of their documentation is important. Good documentation will help developers to transfer from
Verilog or VHDL to a new high-level HDL. However, the evaluation of documentation quality could be
subjective because it relies on the user’s personal preference. Hence, we will try to describe the quality
of documentation in a more objective way, such as the types of documents or references that we can
access.

The results are shown in Table 3.3.

Table 3.3: Quality of Documentation of each HDL

Language Chisel | SpinalHDL | Chash | MyHDL
Manual / Guide v v v v
Tutorial v X v v
Project Examples v v v v
Cheat Sheet v v X X
Overall + ~ ~ ~

' Third-party examples with links provided on the official site.

Basically, all of these languages provide well-structured manuals and come with some examples to
help users understand how they work.

The highlight of Chisel is that it comes with published open-access guidebooks in four different lan-
guages (English, Chinese, Japanese, and Vietnamese) [93] and an official cheat sheet for quick reference
[64]. However, it is not yet mature, as some facts are not stated in the main manual. An example is the
bitwise reduction operation. Although the bitwise reduction operation is stated to support both signed and
unsigned signals in Chisel, such an operation can actually only support unsigned signals: a signed signal
has to be casted as an unsigned signal beforehand [23, 64].

SpinalHDL also provides a concise cheat sheet, and the examples are also of high quality [98].

C\ash provides detailed documentation, references, and tutorials. However, reading these documents
will be challenging for developers unfamiliar with Haskell. Simple example projects can be found in the
repository [48]. Links to more complicated third-party examples are also given on Clash’s website [24].
Printed or electronic books on CAash are also available but come with a charge [30].

Although the MyHDL manual is short, it is clear and of high quality. Six examples are provided on the
official site, from a basic "Hello World” to complex examples such as a Cordic-based sine computer [34].
All these examples include detailed comments and instructions, which are friendly to new users.

Compared to SpinalHDL, Chisel provides tutorials including a printed book that gives instructions for
beginners step by step. Compared to CAash and MyHDL, Chisel provides a cheat sheet for quick refer-
ence. Therefore, Chisel offers all types of documentation for users of different levels, and it should be the
winner in terms of the quaity of documentation.

3.1.2.5. Long-term support

As part of the hardware development environment, it is important that a high-level HDL benefits from
long-term support. Update frequency is a key factor, as a fast-updating language is more likely to follow
the latest features and trends, have an up-to-date development environment, and benefit from quick bug
fixes.

Unlike Verilog and VHDL, which are regulated by IEEE standards [56, 55], the only guarantee of
long-term support of open-source HDLs is the community. An active community usually means that the
language can be better monitored, maintained, and improved. Therefore, an active community is a plus
when evaluating the long-term support of a high-level HDL. A high number of active users is a good
indicator, together with community events, if any.
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To conclude, to evaluate the long-term support of an HDL, these factors are investigated:

+ update frequency,
* number of active user,
« community events.

Table 3.4 shows the factors and results for the evaluation of the long-term support of each high-level
HDL.

Table 3.4: Long-term support of each HDL

Language Chisel | SpinalHDL | Chash | MyHDL
Year of creation’ 2010 2014 2009 2009
Maijor releases in the last 2-year period?| 22 18 9 0
Stars on GitHub? 3.2k+ 1.4k+ 1.3k+ 900+
Contributors on GitHub? 126 86 61 43
Community Events v X X X
Overall + ~ ~ -

' Data sources: [7], [98], [6] and [85]
2 From 25 October 2021 to 25 October 2023
3.4 Until October 2023

Update frequency

Table 3.4 shows the number of major releases on the GitHub repositories of each high-level HDL [21, 89,
48, 103] in the last 2-year period. It is clear that the development of MyHDL appears to be suspended,
and it is not likely to provide major updates as frequently as the other three languages in the future.
However, the issue tracker and commits history on GitHub prove that MyHDL is still maintained and minor
amendments are still uploaded [103].

Number of active users

The numbers shown in Table 3.4 indicate that Chisel is the most popular and fast-growing high-level
HDL among the selected ones. SpinalHDL and CAash communities are also active. Created in 2014,
SpinalHDL already got 1.4k stars on GitHub, which shows that the Spinal[HDL community is also growing
fast. The community of MyHDL is far less active compared to the others.

Community events

Community events are a great plus because they gather both developers and users. The Chisel commu-
nity holds an annual event called the Chisel Community Conference (CCC) and its recordings are available
on the Internet [23]. Unfortunately, there are no such community events for the other three languages.

In conclusion, Chisel attracts the most contributors and followers among these four HDLs. It also
maintains a high update frequency. Community events are also held regularly by the Chise community.
Therefore, Chisel has the best long-term support among these HDLs. As the latest one created, Spinal-
HDL has the second largest community and frequency of updates. Therefore, we can say that SpinalHDL
is a promising HDL.

3.1.3. Conclusion

As shown in Table 3.1, although SpinalHDL is less competitive than Chisel in terms of quality of documen-
tation and long-term support, it is still the most suitable high-level HDL for our project because it performs
the best in terms of high-level circuit modeling flexibility and readability of generated Verilog.

3.2. Proposed Configurable Digital Neuromorphic Hardware Genera-

tor

In this section, we will first explain our design choices and discuss the trade-offs we made in our design
process. Then, we will show the architecture and workflow of the proposed neuromorphic hardware
generator, followed by details in single cores and the multi-core generation process.
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3.2.1. Design Choice
In this sub-section, we will first discuss the trade-offs of the designs before presenting the whole workflow
and architecture of the generator.

As introduced in Section 2.1.2.2, ODIN is a good example for power- or resource-constrained appli-
cations, such as low-power gesture recognition. ODIN demonstrates impressive power-efficiency, with
only 12.7 pJ per synaptic operation (SOP), and the chip only takes an area of 0.086mm? in 28 nm CMOS
[40]. As a simplified version of ODIN, tinyODIN [37] is expected to be more power- and resource-efficient.
Hence, we select tinyODIN as the fundamental processor model for our hardware generator, which aims
to generate low-resource hardware as required.

3.2.1.1. Trade-off between on-chip configurability and generator flexibility

As discussed in Section 2.1.2.2, some neuromorphic hardware systems offer good on-chip configurability.
However, achieving good on-chip configurability requires more resources. For example, supporting differ-
ent neuron models necessitates the implementation of different neuron update logic. To support both the
Izhikevich and LIF models, ODIN includes an Izhikevich update logic along with an LIF update logic [40].
On the other hand, a flexible generator allows easy switching among different hardware architectures, by
changing modules or logics within the generated platform.

To keep the energy- and resource-efficiency of tinyODIN in our hardware, we maintain the necessary
on-chip configurability provided by tinyODIN. These programmable parameters of tinyODIN are neces-
sary for specifying network connections. Other configurations will be implemented at the generator level.
This approach allows us to generate hardware systems that are both energy- and resource-efficiency for
specific applications.

3.2.1.2. Trade-off between single-core and multi-core architectures

The time-multiplexing scheme of ODIN and tinyODIN includes only one physical neuron with 256 synapses
[40, 37]. This physical neuron is multiplexed into 256 neurons, forming a 256 x 256 time-multiplexed cross-
bar. Both the axons and neurons in this crossbar are time-multiplexed, making it area-efficient [100].
However, a large core results in significant resource consumption because the synapse memory grows
proportionally to n2, n being the number of neurons. Therefore, while our generator is capable of gener-
ating arbitrary large single cores, using large n is not recommended.

A solution to perform more efficient calculation is a multi-core architecture. In a multi-core structure,
neurons from different layers of an MLP can be allocated to different cores. This allows neurons from
different layers to operate in parallel, with each core handling a relatively small number of neurons.

Another advantage of multi-core architectures is the ability of having different weight and neuron res-
olutions with different cores. In this way, we may further reduce the resources for targeted applications,
as some applications do not require high-resolution operations. As reported in [18], the DVS data clas-
sification is less sensitive to weight resolution, but requires large resources of neurons and synapses,
while the EMG data classification relies on a higher weight resolution due to its low input dimensionality.
Therefore, it is reasonable to build a multi-core architecture for the sensor-fusion hand-gesture recognition
application in this project.

3.2.2. Workflow and architecture of the generator

The workflow for generating an FPGA-based prototype for a Xilinx FPGA is shown in Figure 3.72. The file
structure of this generator is shown in Figure 3.8, and the dependencies of the files are also indicated. This
workflow allows for simple generation of a multi-core architecture with only a few lines of code in SpinalHDL.
The detailed generation process for such a multi-core architecture will be introduced in Section B.2.

The general process is as follows: first, we specify the hardware config classes and the core con-
nections in main.scala. The config classes include different classes for specifying and calculating the
hardware parameters, while main.scala includes some compiling instructions. Then, using the standard
Scala compile tool, sht, we can generate the corresponding Verilog files. In a .sbt file, the Scala version,
the dependencies (i.e., the included libraries), and the versions of these included libraries (e.g., spinal.lib)
are specified. For example, in this project, we use Scala 2.12.16, with essential SpinalHDL libraries such
as spinal.lib. The version of the SpinalHDL core library, Spinal.lib, is 1.8.0.b.

During the compile process, the compiler will check for design errors, including combinational loops,
so that the generated Verilog files are free from syntax errors. SpinalHDL also supports user-defined

2Extension of this workflow to an ASIC flow is also straightforward.
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Figure 3.7: The workflow of hardware generation. First, the hardware parameters are specified with the config classes. Then the
multi-core architecture is defined in main.scala. Using specified parameters and architecture, the standard SpinalHDL compile
process (as introduced in Section 3.1.1.2) can be run, generating the corresponding Verilog file (MultiCore_Gen.v in Figure 3.8).

This file, along with necessary Xilinx IPs and testbenches can be used for simulation, synthesis and FPGA verification.

src

|—main
Lscala
build.sbt I—main.scala
inputMux.v Config.scala

MultiCore_Gen.v InputMux.scala

——spIGPIOInterface.v

MultiCore_Gen.scala

I ——TinyODIN_Gen.scala

——AEROut.scala

L——Arbiter.scala

\—FIFO.scaIa

L——SPI_GPIO_Interface.scala

Controller.scala
NeuronCore.scala
I—LIFNeuron.scaIa
——Scheduler.scala
I—FIFO.scaIa
——SPISlave.scala

L——SynapticCore.scala

Figure 3.8: File structure of the SpinalHDL project. The structure level starts from main.scala and also indicates the dependencies
of the files. The files in red are the necessary components for the Scala compile process. The files in blue are source files and the
generated Verilog files included in verification process, details of the verification setup can be found in Section 5.1. The files in
orange are the files for memory initialization, when a register-based memory model is used for simulation purpose. Among the
listed files, MultiCore_Gen.scala is the top-level file of the entire multi-core generator, and TinyODIN_Gen.scala is the top-level

module of a single tinyODIN-based core.
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error or constraint checks. In this project, we defined some constraints, such as the relationship among
different bitwidths, which will be explained later in Section 3.2.3.1.

3.2.3. Configurable Core Architecture

As discussed previously, we have chosen tinyODIN as the base processor model for our generator. To fit
tinyODIN to networks with various complexity, scaling the processor by adjusting the number of neurons
is a straightforward method. Therefore, the number of neurons must be reconfigurable. Additionally, to
optimize memory resources, the memory array should also be reconfigurable to accommodate for different
numbers and resolutions of neurons and synapses. Though different configurations can be made, our core
still follows the crossbar architecture. Hence, the core architecture we implemented is a parameterized
architecture based on tinyODIN and is presented hereafter.

3.2.3.1. Intra-core parameters
Before we introduce the parameters in detail, we need to first introduce a function, which is

A(n) = [log, n] . (3.2)

This function provides a straightforward expression for the required address width for an array of n
elements and will be used throughout the thesis.

Generator parameters

Generator parameters are the parameters that can be configured during the hardware generation process.
These parameters cannot be configured once the hardware is implemented with an ASIC or an FPGA
(unless recompiled). The configurable parameters are listed in Table 3.5. Internal parameters that are
defined as constants or automatically generated from user-specified parameters, are listed in Table 3.6.
The inter-core parameters correspond to multi-core structuring and will be introduced in Section 3.2.4.
The parameters for first-in-first-out memories (FIFOs) are listed in Table 3.7.

On-chip configurable parameters

The on-chip configurable parameters are listed in Table 3.8. As the configurable parameters provided by
tinyODIN are insufficient for our project, we also introduced additional configurable parameters to enable
more flexible network configuration within a core, such as neur_output and neur_reschedule. These
parameters are configurable through the SPI configuration (details in Section 3.2.3.3). The parameters
are categorized into two groups: global parameters that control the behavior of the core, and neuronal
parameters that control each neuron. Details of the neuronal parameters will be introduced in Section
3.2.3.4.

3.2.3.2. Architecture

Crossbar architecture

The parameterized crossbar architecture of a single core based on tinyODIN [37] is shown in Figure 3.9.
From Figure 3.9, we can see that in a parameterized core, the 256 x256 crossbar is replaced by an

n X n crossbar. In this way, we can manage the utilization of hardware resources with the parameter n.

The input AER becomes A 4 bits and the output AER becomes 4,,_,, bits, to fit the number of neurons.

Details of the AER interfaces will be introduced in Section 3.2.3.3.

Block diagram
The block diagram of a single core and some of the corresponding Scala files are shown in Figure 3.10.
From this diagram, we can see that the neuron and synapse memories as well as the LIF update logic,
are parameterized and configurable (see definitions in Tables 3.5 and 3.6).
The function of the blocks are briefly introduced as follows:

* AER input: The event-based input interface of the core.

» AER output: The event-based output interface of the core.

» SPI slave: The SPI interface of the core, which also stores the global configurations in Table 3.8.
+ Controller: Controls the pushing and popping of events and accesses to memories.

» Neuron memory: Memory that stores the states and parameters of neurons.

+ Synapse memory: Memory that stores synaptic parameters (weights).
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Table 3.5: Configurable parameters for a single core (class CoreConfig in Config.scala).

Category Type Prameter Definition Note
Int n Number of neurons
number Int D Depth of FIFO Default: D = 128
Int Nout Number of outputs, Nout < T
cannot exceed the
total number of
neurons n
) Int B, Bitwidth of neuron
intra-core
Int Bs Bitwidth of synapse, Bs < Buords, Bs < Bn
bitwidth cannot exceed the
length of a synapse
word Byords OF the
bitwidth of a neuron
B,
Int B Bitwidth of leakage, B; < B,
cannot exceed the
bitwidth of a neuron
B,
Int Buyte Bitwidth of a byte Default: By,e =8
Int leakMode Neuron leakage 0 (default): LIF (leak by
behavior control subtraction); 1: 1&F (leakage
disabled in the LIF module)
control
Int resetMode Neuron reset 0 (default): reset to zero; 1:
behavior control reset by subtraction
Boolean blkBox Memory generation true (default): blackbox
control memory interface; false:
register array
Boolean  virturalCore  Virtual core true: only generate core
generation control interfaces (virtual core); false
(default): generate the
whole core
number Int idx The index of this
core
inter-core bitwidth Int Bspr Bitwidth of SPI, Bspr > max(An —+
should be able to ApyteNs Amr + Abytes)
hold all necessary
addresses
List[Int] inputCore A list indicating the Empty list indicates that this
connection indices of cores that  core is directly connected to
connect to the input  the AER interface to the chip
of this core
Boolean extrernalAER  External input true: this core connects to an

source to this core

external AER input in
addition to other outputs of
other cores; false (default):
this core only connects to
outputs of other cores

' The constraints on the parameters are automatically checked by the Scala compiler (as introduced in Section
3.2.2). If these constraints are not met, the compilation process fails with error information and no Verilog file
is generated.
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Table 3.6: Pre-defined (not exposed to users) parameters for a single core (class CoreConfig in Config.scala).

Category Type Prameter Definition Note
Int lineScale Scaling factor of the Default: /ineScale = 8,
o bitwidth of a word in the which is the bitwidth of a
bitwidth neuron memory byte
Int Buordn Word size in the neuron Buyoran = [(2Bn + B +
memory 3)/lineScale] x lineScale
Int Buwords Word size in the synapse Default: B,oras = 32
memory
Int m Total number of synapses m =n?
Int NByteN Number of bytes in a NByteN = Buworan /Boyte
neuron word
intra-core Int NBytes Number of bytes in a nBytes = Buwords/Buyte
number synapse word
Int MawordS Number of synapses in a Mwords = | Bwordas/Bs]
synapse word
Int Nwords Number of synapse words  nuworas = [n/Mwords ]|
in a block
Int m’ Number of words in the m’ = Nwords X N
synapse memory
Int SPIMaxCycle Number of cycles to SPIMaxCycle= 2Bspr
complete an SPI
transmission
Int Apyten Address width of a neuron  Apyien = A(npyten)
word
Int Abytes Address width of a Apytes = A(nbytes)
) synapse word when
address width accessed in bytes
Int Avords Address width of a Awords = A(Muwords)
synapse word when
accessed in synapses
Int Ay Address width of the A, = A(n)
neuron memory
Int A Address width of the A = A(m')
synapse memory
Int p— Address width of the Anpur = A(Mout)
outputs
Int AAER Input AER address width Aagr =
inter-core  address width of this core maz(An + 2, Bs + 4)
Int AAERO Output AER address width  Asgro = An,,, +2
of this core

Table 3.7: Parameters of an FIFO (class FIFOConfig in Config.scala).

Category Type Parameter Definition Note
bitwidth Int w Bitwidth of the
FIFO
number Int d Depth of the FIFO
address width Int Ad Address width of Ay = A(d)

the FIFO
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Table 3.8: On-chip configurable parameters, adapted from [37].

Category Name Width

Description

SPI_GATE_ACTIVITY 1-bit

Global

Gates the network activity and allows the SPI to ac-
cess the neuron and synapse memories for program-
ming and readback.

SPI_OPEN_LOOP 1-bit

Prevents spike events generated locally by the neu-
ron array from entering the scheduler, they will thus
not be processed by the controller and the sched-
uler only handles events received from the input AER
interface. Locally-generated spike events can still
be transmitted via the output AER interface if the
SPI_AER_SRC_CTRL_nNEUR configuration register
is de-asserted.

SPI_AER_SRC_CTRLn_NEUR  1-bit

Defines the source of the AER output events when a
neuron spikes, either directly from the neuron when the
event is generated (0) or from the controller when the
eventis processed (1). This distinction is ofimportance,
especially if SPI_OPEN_LOORP is asserted.

SPI_MAX_NEUR A, -bit

Defines the maximum neuron index (0 to n — 1) to be
processed, i.e. the crossbar array size. This parame-
ter is useful to avoid processing dummy synaptic opera-
tions in case the neuron resources actually being used
are small.

neur_disable 1-bit

Disables the neuron.

neur_output 1-bit

Allows events generated by this neuron to enter the out-
put AER interface.

Neuronal neur_reschedule 1-bit

Allows events generated by this neuron to enter the
scheduler.

leak_str B;-bit

Defines the leakage strength of a neuron.’

threshold B.,-bit

Defines the firing threshold: a spike is issued and the
neuron is reset when the membrane potential reaches
this value.

core_state B,,-bit

Contains the current value of the membrane potential.
This membrane potential is signed and can be initial-
ized through the SPI configuration.

Synaptic w B,-bit

Defines the synaptic weight. This weight is signed.

39

' By default, the generator generates update logic for the LIF model. For I&F update logic, this leakage strength
is not used. For the default LIF update logic, this unsigned value is subtracted from the membrane potential
until it reaches zero in case of time reference / leakage events.
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Figure 3.11: SPI timing diagram for a single core. (a) Write operations. (b) Read operations. SCK: the SPI clock generated by the
SPI master, SS_n: an active low chip-select signal for the slave. MOSI: master output, slave input. MIS0: master input, slave output.
Figures are adapted from [37].

» LIF update logic: Logic that models an LIF neuron.

» Eventscheduler: Events from the AER input or the LIF update logic are scheduled in its FIFO. Events
are popped following requests from the controller.

3.2.3.3. Interfaces and operations
The architecture includes two types of interfaces, namely serial peripheral interface (SPI) and AER.

SPI

The serial peripheral interface, commonly known as SPI, is a widely used serial communication protocol. In
our system, the SPI interface is used to program global configurations and initialize neurons and synapses
of a core. Each core works as a slave on the SPI bus and is activated by the chip-select signal SS_n. The
timing diagrams of the SPI write and read operations are shown in Figures 3.11a and 3.11b, respectively.

During an SPI transmission cycle, the chip-select signal SS_n for the destination slave is first de-
asserted. At the same time, the master transmits a Bgp;-bit address to the bus. The activated slave
then registers the address before data associated with this address are sent by the master in a write op-
eration or received from this slave in a read operation. SPI operations are controlled by the address field
a, the details of different operations are listed in Tables 3.9 and 3.10.

The SPI bus structure for multi-core operations will be introduced in Section 3.2.4.3.

AER
The AER interface of the proposed hardware system is based on the AER protocol introduced in Section
2.1.2.1. Therefore, the timing diagram for an AER communication is the same as shown in Figure 2.8.
The input AER interface comprises a 1-bit request signal REQ, a 1-bit acknowledge signal ACK, and an
input AER packet. The input AER packet includes a 2-bit operation code and an A,,-bit address, together
form a A ggr-bit AER bus (as shown in Figures 3.9 and 3.10). The output AER packet does not contain
operation information and is a pure address of A bits. Details of AER operations will be introduced in
3.2.3.4.

Nout

3.2.3.4. Neuron and synapse operations
Memory Structure
In this project, a configurable memory structure is implemented to minimize resource utilization. This
structure allows for a flexibility in the word length of a neuron word, based on user-specified parameters.
The word length of a synapse word is pre-defined in the generator, but it can accommodate for a variable
number of synaptic parameters per word. As a result, the total number of synapse words can also vary.
The memory structure of the neuron memory is shown in Figure 3.12 and the content of each neuron
word is shown in Figure 3.13.
As shown in Figure 3.12 and Table 3.6, a neuron word has a length of B,.qn, Which contains a
threshold of B,, bits, a current neuron state of B,, bits, a leakage strength of B; bits and 3 1-bit on-chip
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Table 3.9: Contents of SPI address field a, adapted from [37].

R(a<Bspi-1>) W(a<Bgspi-2>) cmd(a<Bspr- addr<Bgp;-5:0> Description
3:Bsp1-4>)

N/A N/A 00 {conf_addr(a<Bspr-5:0>)} Configuration register
write at address
conf_addr.

1 0 01 {n/a,byte_addr<Apyten- Read to the neuron
1:0>,word_addr<A,,:0>} memory. Byte
byte_addr from word
word_addr is retrieved
0 1 01 {n/a,byte_addr<Apyi.n- Write to the neuron
1:0>,word_addr<A,,:0>} memory. Byte
byte_addr from word
word_addr is written.
1 0 10 {n/a,byte_addr<Apytcs- Read to the synapse
1:0>,word_addr<A,,-1:0>} memory. Byte
byte_addr from word
word_addr is retrieved
0 1 10 {n/a,byte_addr<Apytes- Write to the synapse
1:0>,word_addr<A,,/-1:0>} memory. Byte
byte_addr from word
word_addr is written.
Table 3.10: Contents of SPI data field d, adapted from [37].
n/a(d<Bspi- Mask<Bpyte- byte<Byyte- Source Description
1:2Byyte™) 1:0>(d<2Bpyte- 1:0>(d<Bpyte-1:0>)
1 :Bbyte >)

N/A W_mask<Bpyie-1:0> w_byte<Bypyi.-1:0> SPI Master ~ SPI Write - Data byte
w_byte<Bpyt.-1:0>
masked by
w_mask<Byyi.-1:0>
(1=masked,
0=non-masked) is written
to the target memory
location.

N/A N/A r_byte<Byyi.-1:0> SPI Slave  SPI Read - Data byte

r_byte<Byyt.-1:0>
associated to the target
memory location is
retrieved from a core.
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configurable parameters. To align with byte-level access to neuron memory through SPI read/ write oper-
ations, a scaling factor, lineScale is introduced. By default, lineScale is defined as the width of a byte in
this system.

The structure of the synapse memory is shown in Figure 3.14.

The entire synapse memory is divided into n blocks, each associated with a pre-synaptic neuron ad-
dress. Each block contains n synaptic parameters distributed among n.,.-qs 32-bit synapse words. Within
each synapse word, there are m.,,-qs Synaptic parameters. In this way, we can minimize the size of
synapse memory while maintaining convenient access to the synaptic parameters. The synapse memory
is also accessed by byte via SPI.

The neuron and synapse memories are generated as blackboxes with interfaces when using memory
IPs such as the Xilinx block memory generator by setting blkbox = true. Alternatively, if blkbox = false, the
genrated hardware will implement register arrays as memory, which simplifies the process of behavioral
simulation.

Among the parameters stored in the neuron and synapse memory, leak_str is stored and operated as
an unsigned integer, and threshold, core_state, and w are stored and operated as signed integers.
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Working principles

A single core in this architecture shares working principles similar to those of tinyODIN. As a parameterized
architecture, the cycles needed for particular operations are also parameterized. As introduced in Section
3.2.3.3, each core can operate on four types of events. An event is pushed into the scheduler (if the
scheduler FIFO is not full) once an AER packet is received. Events are distinguished by the contents of
an AER packet, which are described in Table 3.11. The details of these events are introduced below.

Table 3.11: Contents of an input AER packet, adapted from [37].

ADDR<A gr-1> ADDR<A gpgr-2> ADDR<A s gr-3:0> Event type

1 0 {w<B;-1:0>,neur<A sgr-Bs-3:0>}  Virtual event

0 1 {(Aaer-2{1'b1}} All-nerons time
reference event

0 1 neur<A,-1:0> Single-neuron
time reference
event

0 0 pre_neur<A,-1:0> Neuron spike
event

Virtual event
When a virtual event is received, the neuron specified by neur<A s gr-B,-3:0> is stimulated with a signed
weight w<B;-1:0>, without activating a physical synapse. Virtual events go through the scheduler and it
takes 3 cycles to handle a virtual event (1 cycle for a push to the scheduler and 2 cycles fore processing
when the event is popped from the scheduler) [37].

The reason why the AER packet has a width of A,gg bits is that the AER input packet must hold
a virtual synaptic weight of B, bits together with a neuron address to access specified by neur<A sgg-
B,-3:0> in the case of a virtual event. To validate neur<A  gr-Bs-3:0>, Asgr — Bs — 3 should be at
least 0, otherwise no neuron can be accessed. Considering that a virtual event is a testbench-type event
[39] and does not need full access to neurons, the width of the AER packet is expressed as: A gr =
max(A,+2, Bs+4). In an extreme case with a large B;, a virtual event can still access neurons in a 2-bit
address field.

All-neurons and single-neuron time reference events

A single-neuron time reference event activates a time reference event (leakage) for neuron neur<A,,-
1:0> and an all-neurons time reference event activates a time reference event (leakage) for all activated
neurons, as defined by SPI_MAX_NEUR in Table 3.8 [37].

A single time reference event takes two clock cycles: read current neuron state and corresponding
leakage strength in the first cycle; write the state updated by the LIF update logic back to the neuron
memory in the second cycle. As an all-neurons time reference event applies leakage to all activated
neurons, it takes 2(SPI_MAX_NEUR+1) cycles in total [37].

Neuron spike event

When a neuron spike event occurs, it stimulates all activated neurons, as defined by SPI_MAX_NEUR,
with the synaptic weight associated with the pre-synaptic neuron pre_neur<A,,-1:0> [37]. Therefore, a
neuron event takes SPI_MAX_ NEUR+1 SOPs, where each SOP lasts two clock cycles, to update all
associated neurons. As another cycle is required for pushing the event to the scheduler, the total number
of cycles required for a neuron spike event is 2(SPI_MAX_NEUR+1)+1.

The timing diagram of a spike event associated to pre-synaptic neuron i is shown in Figure 3.15. In
the first cycle of an SOP, the parameters and current state of the destination post-synaptic neuron j are
retrieved from the memory and updated by the LIF update logic. In the second cycle, the current state of
neuron j and the associated synaptic weight corresponding to the source neuron i are provided to the LIF
update logic, the updated state of neuron j is then written back to the neuron memory [40]. To minimize
memory accesses, mwrqs Synapses are handled at a time, where my .qs = [32/B;] is the largest
possible number of synapses that can be contained in a 32-bit synapse word.
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Figure 3.15: Timing diagram of a neuron event from neuron address i. This diagram depicts the case where SPI_MAX_NEUR is
set as n — 1. With a smaller SPI_MAX_NEUR, the process of a neuron event will terminate after the neuron specified by
SPI_MAX_NEUR is updated. The figure is adapted from [40].

Synapse handling (m,, 45 Synapses / access)

In a practical application, neuron spike events come from an input sensor or from a neuron in the
network, whereas time reference events are user-defined events. Therefore, by default, the events that
can be communicated among cores are neuron spike events.

3.2.4. Multi-core Architecture for sensor-fusion Applications

As discussed in Section 3.2.1.2, our generator should be able to generate multi-core architecture. In our
specific sensor-fusion application as introduced in Section 2.2.3, our system classifies hand-gestures. In
this situation, we only need a single output channel. Then, we can arrange the cores in a tree structure,
where the output core is the root node of the tree. In this way, data in this architecture is always flowing
from a child node to its parent node. An example of such a tree-structured core connection is shown in
Figure 3.17. The generation process of such a multi-core architecture, the details of the arbiter, and the
structure of the SPI bus will be introduced hereafter.

3.2.4.1. Generation process of a multi-core architecture
With the powerful collection methods provided by Scala (for the details of these methods, refer to Appendix
B.1), we can generate cores, arbiters, and 10s of the entire multi-core architecture using the module
MultiCore _Gen with the workflow shown in Figure 3.16.
The definitions of the functions and variables that appear in Figure 3.16 are listed in Table 3.12.
Generally, our multi-core generator is capable of generating tree-structured multi-core architectures
like the one shown in Figure 3.17. An example with more detailed parameters is provided in Appendix
B.2. Details of 10 definitions and how connections are generated are provided in Appendix B.3.

3.2.4.2. Arbiter Design

Arbiters are required to connect different cores in our tree-structured architecture. To fit various multi-
core structures, these arbiters are also parameterized and scalable. The parameters used in an arbiter
are listed in Table 3.13. Figure 3.18 shows that an arbiter takes L AER inputs and provides only one
AER output. As mentioned in Section 3.2.3.3, the output AER packet of a core only includes address
information. As we suppose that a neuron event can only trigger another neuron event, the AER packets
from preceding cores are expanded with the neuron event operation code, which is "00”. However, there
is also an option for an arbiter to directly take an external AER input, allowing users to specify other events
through this external AER input. The connection of external AER inputs is also shown in Figure 3.17.

To increase throughput and reduce the time overhead for arbitration, pipelining is introduced in AER
communication between different stages [11]. This is achieved by implementing a small FIFO in each
arbiter, whose depth depends on the number of inputs and is defined by D,. Two different AER communi-
cation patterns (with and without a FIFO) are shown in Figure 3.19. When the FIFO is not full, the arbiter
can push a request from a preceding core into the FIFO and immediately acknowledge the request once
the it is stored in the FIFO. This helps prevent stalling a core in the preceding stage due to the busy AER
bus.

The arbiter includes a parameterized round-robin scheduler which can be scaled as required. The
round-robin scheduler is realized in a one-line code with a round-robin method OHMasking.roundRobin()
provided by SpinalHDL [98, 89], as shown in Listing 3.14.
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Figure 3.16: Workflow of MultiCore_Gen. To generate a muti-core architecture, we first define the parameters of each core with
the CoreConfig class. Then we input a list of CoreConfig definitions as a parameter to the module MultiCore_Gen. Using collection
methods, cores and arbiters can be generated from the parameters in the coreList. Variables for O definitions can also be derived

from the coreList with collection methods. Then, the connections in the architecture are generated.
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Table 3.12: Functions and variables for multi-core generation.

Name

Type

Description

corelList

List[CoreConfig]

A List of CoreConfigs, includes
parameters of each core and connection
among different cores

coreConnection

List[(Int, List[Int],Boolean)]

A List of tuples that contains the core
idx, inputCore, and externalAER of the
CoreConfigs with non-empty inputCore
in coreList

getOutputWidth

List[Int]

A function, given the inputCore of a
CoreConfig, it gathers the A,,,,; of the
cores that connect to the specified core
and returns in a List.

arbiterConfigS

List[ArbiterConfig]

A List of ArbiterConfigs, the parameters
of each are generated by applying
getOutputWidth to the elements in
coreConnection.

inputList

List[CoreConfig]

A List of CoreConfigs with empty
inputCore, the cores generated from
these CoreConfigs are directly
connected to the inputs of the multi-core
architecture.

virtualCount

Int

The number of virtual cores. These
cores are only implemented with AER
interfaces.

inputWidthList

List[Int]

A List containing the AERWidth of
CoreConfigs with empty inputCore.

extAERWidthList

List[Int]

A List containing the widths of external
AER channels

externalAERCount

Int

The number of external AER channels
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Listing 3.14: Example of round-robin logic in SpinalHDL
val maskArb = OHMasking.roundRobin (AERINReqSync , lastArb)

Here, we define a round-robin logic maskArb with OHMasking.roundRobin(). AERInReqSync contains
the input requests in bit vector form and /astArb is the one-hot priority. The round-robin scheduler starts
looking for inputs from the position specified by the one-hot priority [98].

The block diagram of an arbiter and its round-robin scheduller are shown in Figures 3.20a and 3.20b.
To control the input interfaces and the output interface separately, two FSMs are implemented in the
controller. The states of the FSMs are shown in Figure 3.21.

Table 3.13: Parameters of an arbiter (class ArbiterConfig in Config.scala).

Category Type Parameter Definition Note

connection List[Int] N List of the widths
for each input

control Boolean externalAERin The same as
externalAER
defined in
coreConfig

number Int L Length of input list,
including the
optional external
AER input

<
number Int D, Depth of the FIFO D, = { ;;MH (ﬁ = i)
in this AER ;o (L>

~

address width Int Amaz Maximum input
bitwidth

3.2.4.3. SPI connection
To interface multiple cores with a single SPI interface, a chip-select mechanism is used. As an example,
let & be an arbitrary integer, the block diagram of this SPI configuration that connects the k£ + 1 cores is
shown in Figure 3.22. In this structure, only one core (slave) is activated at a time.

When not selected, each core sets its MISO to low, so that a bitwise OR logic can output the MIS0 signal
from the activated core.
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AER interface of an arbiter, which connects to an output AER interface of a preceding core. AEROutAddr, AEROutReq and

AEROutAck are the output AER interface of an arbiter, which connects to an input AER interface of a succeeding core. With a
pipelining mechanism, the acknowledge to the preceding core is independent from the acknowledge from the succeeding core and
improves the throughput. (a) Without pipelining. (b) With pipelining.
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(a) (b)

Figure 3.21: States of the FSMs in an arbiter. (a) States controlling input interfaces. IDLE: idle state; WAIT_FIFO: waits for FIFO
and pushes an input AER event once FIFO is not full; WAIT_REQDN: waits for the AER request line to be pulled down as the
corresponding acknowledge is asserted when entering this state; 1: transition when input request exists but FIFO is full; 2:

transition when input request exists and FIFO is not full; 3: transition when FIFO is not full; 4: transition when AER request is
pulled down. (b) States controlling output interfaces: IDLE: idle state; POP: pops an event from the FIFO to the output AER
interface, a request is raised at the same time; WAIT_ACK: waits for the acknowledge from the succeeding core; WAIT_ACKDN: waits
for the acknowledge to be de-asserted; 1: transition when FIFO is not empty; 2: transition when acknowledge is asserted; 3:
transition when acknowledge is de-asserted.
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Figure 3.22: SPI interfacing.



Deployment of Gesture Recognition
Application

In this chapter, we will first introduce the baseline model we chose for the hand-gesture recognition appli-
cation. Then, the proposed hardware configurations for this application will be introduced.

4.1. Machine Learning Baseline

In this section, we will first introduce more details on the dataset, including how we handle this dataset
to meet our requirements. In general, we used an existing neuromorphic baseline, we modified the net-
work architecture by sweeping the configurable parameters so that we can optimize the baseline for our
hardware.

To train these models, we use snnTorch [33] as our training framework and Brevitas [78] as a quan-
tization tool. Adam [62] was chosen as the optimizer with default parameters except for the learning
rate.

4.1.1. Details of dataset
As introduced in Section 2.2.3, the sensor-fusion dataset we used in this project includes the DVS and
EMG data of 5 gestures. Specifically, it consists of 1575 recordings, with each recording lasting for around
2 seconds. The 1575 recordings are obtained from 21 subjects, where each subject performs 5 gestures
in each of the 3 sessions, and each gesture is repeated 5 times [18]. The reasonable response time
for hand-gesture recognition is 200 ms as it matches the time required to perform low-latency prosthesis
control [18]. Therefore, we can slice the dataset into smaller pieces to obtain more samples for training [18].
Each ~2 s recording is equally sliced into 10 slices, together forming 15750 samples. To accommodate
for the varying length of the recordings, slices shorter than 200 ms are discarded. By doing this, we avoid
generating empty recordings and get more samples for training.

In the training process, the temporal resolution of each recording is reduced to 500 time bins to reduce
the number of simulation steps. Although this method reduces temporal precision [33], it will reduce
simulation time and data size during training.

4111.DVS

The DVS data in the dataset is in a resolution of 40x40 pixels. Each of the recordings is obtained from a
128x 128 DVS sensor [18]. This modification is made mainly to reduce the number of neurons we need
in the input layer [18].

4112. EMG

The EMG recording in this dataset has been converted to events, we refer the reader to [18] for details
on retrieving and processing EMG data.
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Figure 4.1: MLP architecture for DVS classification.

4.1.2. Neural network for vision data classification
In this subsection, we will introduce the network architecture used for DVS classification, the hyperparam-
eter sweeping process, and the baseline model.

4.1.2.1. Network architecture

The network architecture for DVS classification is shown in Figure 4.1. It contains 4 2-layer sub-MLPs,
each handles a 20x20 sub-sample of the recording with a 400-210-5 network structure. The outputs
from each of the sub-MLPs are simply added up to obtain the final classification result. This network
was proposed as a baseline for neuromorphic computing in hand-gesture recognition in [18]. In [18], this
network architecture is deployed on a MorphIC processor with 1-bit synaptic weights [39].

Coding Scheme
For the output coding scheme, we choose the rate coding scheme as it is the most widely used coding
scheme in SNN applications [47], and snnTorch provides good support for it.

For input encoding, as our hardware is not capable of handling inputs with two polarities, we only
considered positive events in the recordings. Throughout our training and verification process, we show
that single-polarity inputs already yield good accuracy for DVS classification.

Loss function

We use a cross-entropy loss function, hence the loss function we used in SNNs for DVS classification is
ce_count_loss() in snnTorch. This function calculates the cross-entropy loss based on the accumulated
number of spikes for each output neuron throughout the entire simulation time range. The expression of
the cross-entropy loss function is

espik:e_countyn

N
1
C spike_count, £ - Z Nln
Zc—l esprie N n=1

l, = —log (4.1)

In Equation 4.1, the loss £ is computed for a batch that includes N samples. The loss of the n!" sample
is l,,. spike_count. denotes the accumulated number of spikes from the output neuron c. y,, is the target
output neuron of the n!" sample. If the spike_count of the neuron y,, is small, then it results in a larger
I, and hence in a larger £. This loss function aims to encourage the target output neuron to spike while
suppressing the firing of other neurons, as illustrated in Figure 4.2.



41. Machine Learning Baseline 55

Output Output
neurons neurons
0 I I I I 0
t t
t t
2 Training 2
I ) I
3 I I I I 3]
t —_— t
4 IH I I 4
t t
U«m. count, o spike _count
e ! [
1, =-log— =-log——————7—=049 1, =-log— =-log——F————F——=0.01
spike_count, e +e +e +e +e spike _count, e +e’+e +e +e
ZL’ Z(.

e=1 o=l

Figure 4.2: An interpretation on the training process. In this figure, the effect of the training process encouraged neuron 1 to fire
and suppresses spikes from other neurons.

Quantization
We use a QAT scheme provided by Brevitas [78]. By default, it is a symmetric quantization process.
Quantized weights, scaling factors, and zero points can be read directly from the training framework.

41.2.2. Hyperparameter sweeping
For simplicity and fast iteration, we divided the whole dataset into 20% as a test set, 70% as a training
set, and 10% as a validation set.

Due to the higher complexity of the network architecture for DVS classification, the training speed is
significantly slower than the training of the network for EMG classification. Therefore, for the hyperparam-
eters, we focus on the bitwidth of the synaptic weights (By).

In the architecture in [18], a 1-bit resolution is used. So, we sweep B, from 1 to 3 bits, with B,, adapted
accordingly. The hyperparameters are listed in Table 4.1. Here, N stands for the number of neurons in
the hidden layer.

Table 4.1: Hyperparameters swept for DVS classification.

Parameter Value
Bs {1 '3}
N 210
Learning rate  0.0005
Epochs 20
Decay 0.9999
Batchsize 200

Sweep method Grid

In each run, the network is trained for 20 epochs (each sample in the training set is accessed 20 times).

Figure 4.3 shows the classification results for the validation set, each line in the figure is the average
result for runs with the same Bs. Itis clear that higher B; results in better accuracy. However, a higher B,
leads to higher memory usage, and we need to make a trade-off between accuracy and resources. For
this reason, we choose B, = 2.

4.1.2.3. Baseline result
As we choose B, = 2, the hyperarameters used in the baseline model are listed in Table 4.2.
The results on the validation set and the test set based on 3 runs are listed in Table 4.3.

4.1.3. Neural Network Setup for Electromyography (EMG) Data Classification
In this subsection, we will introduce the network architecture we used for EMG classification, the hyper-
parameter sweeping process, and the baseline model.
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Figure 4.3: Accuracy of DVS networks on the validation set with different B, average of 3 runs.

Table 4.2: Hyperparameters of the baseline model for DVS classification.

Parameter Value

By 2
N 210
Learning rate  0.0005
Epochs 20

Decay 0.9999
Batchsize 200

Table 4.3: Baseline results of DVS classification.

Set Validation Test
Accuracy 78.36%=+1.15% 76.78%=+0.85%
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Figure 4.4: MLP architecture for EMG classification. The figure of Myo is taken from [29].

4.1.3.1. Network architecture

The network architecture for the EMG classification is shown in Figure 4.4. This 2-layer MLP is structured
as 16-N-5, where N is the number of neurons in the hidden layer, which will be determined by sweeping.
A baseline model for EMG classification is proposed in [18], which is a 16-230-5 network and is deployed
on an ODIN processor with 3-bit synaptic weights. In this work, we modified N so that it could be deployed
on our hardware, taking as little resources as possible.

Coding scheme
Due to the low dimensionality of the 8-channel EMG data, both positive and negative spikes are used in
this architecture. Because our hardware cannot distinguish the polarity of an input event, we use 16 input
neurons, 8 taking the positive events, while the other 8 handling the negative ones.

For the output coding scheme, we also use the rate coding scheme as in the DVS classification.

Loss function
The loss function we used for the EMG classification is the same cross-entropy loss function as we used
in the DVS task.

4.1.3.2. Hyperparameter sweeping

For EMG classification, we use the same dataset division as in the DVS task. As the network architecture
for EMG classification is less complex, we can sweep in a wider scope and perform more tuning. Therefore,
B, and N are searched during hyperparameter sweeping. We first set N = 230, which is the same as the
model in [18], and we search for B, from 2 to 5. Then we choose a B based on the results and sweep
for N. B,, is adapted accordingly in the process. The hyperparameters for B, sweeping are listed in Table
4.4, The accuracy on the validation set during the sweeping process is shown in Figure 4.5.

From Figure 4.5, we can see that using 2-bit or 3-bit resolution in the network results in ~ 3% accuracy
loss compared to 4-bit resolution. The difference in the accuracy of using 4- and 5-bit synapses is within
~ 1%. Hence, we chose B, = 4 in both our network architecture and hardware design and searched for
N based on this choice. The parameters for N sweeping are listed in Table 4.5.
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Table 4.4: B, sweeping for EMG classification.

Parameter Value
B {2-5}
N 230
Learning rate  0.0005
Epochs 20
Decay 0.9999
Batchsize 200

Sweep method Grid

Accuracy on Validation Set
— Bg=5 = Bg=4 = Bg=3 = Bg=2

0.45

Accuracy

0.4
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Figure 4.5: Accuracy of EMG networks on the validation set with different By, average of 3 runs.

Table 4.5: N sweeping for EMG classification.

Parameter Value
B, 4
N {110, 140, 170, 200, 230}
Learning rate 0.0005
Epochs 20
Decay 0.9999
Batchsize 200

Sweep method Grid
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Figure 4.6 shows the accuracy on the validation set with different N. From this figure we can conclude
that different values (in the range of our sweeping) of N have a trivial affect on accuracy (within ~ 1%).

As we wish to use smaller hardware at the same time, achieving acceptable performance, we chose N
=110 in our baseline model and hardware implementation. Compared to [18], which uses a 256-neuron
ODIN processor for EMG classification, we can deploy the network on a 128-neuron core with 50% less
neuron memory and 75% less synapse memory in an ideal case.

Accuracy on Validation Set
= N=230 = N=2( = N=170 = N=140

0.45

0.4

Accuracy

0.35

Epochs

0 5 10 15

Figure 4.6: Accuracy of EMG networks on the validation set with different N, average of 3 runs.

4.1.3.3. Baseline result
The final parameters for EMG-classification are listed in Table 4.6. With these parameters, we are able to
obtain the accuracy on validation sets and test set listed in Table 4.7.

Table 4.6: Hyperparameters of the EMG classification network.

Parameter Value

By 4
N 110
Learning rate  0.0005
Epochs 20

Decay 0.9999
Batchsize 200

Table 4.7: Baseline results of EMG classification.

Set Validation Test
Accuracy 43.26%=+1.14% 44.02%+1.64%

4.1.4. Neural Network Setup for sensor-fusion
41.4.1. Network Architecture
The sensor-fusion network combines the DVS 4 sub-MLPs and the EMG MLP. The hidden layers of these
networks are concatenated as the input of the output layer. Therefore, the output layer is 950-5. This
fusion network is also proposed in [18] and since we use a smaller MLP for EMG classification, the fusion
network is also smaller. The network architecture is shown in Figure 4.7.

To save time, in the training process, we kept the trained parameters in the 4 sub-MLPs and the EMG
MLP and only train the output layer.
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Figure 4.7: Network architecture of the fusion network to classify 5 hand-gesture classes.

Coding scheme and loss function
We use the same coding scheme and loss function as in DVS and EMG networks.

4.1.4.2. Baseline results
We kept the B, in the EMG MLP and we trained with the parameters in Table 4.8. After 20 epochs in total,
we are able to obtain the results listed in Table 4.9.

Table 4.8: Parameters of the sensor-fusion network.

Parameter Value

Bs 4
N 950
Learning rate  0.001
Epochs 20

Decay 0.9999
Batchsize 200

4.2. Mapping on Proposed Hardware

In this section, we will introduce how we deploy the networks on the proposed hardware for DVS classifi-
cation and EMG classification.

4.2.1. Hardware configuration for vision data classification
The hardware for DVS classification is depicted in Figure 4.8a. This specific multi-core configuration used
for DVS classification is referred to as the DVS-core.
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Table 4.9: Baseline results of fusion network on hand-gesture classification.

Set Validation Test
Accuracy 81.38%=+5.88% 82.08%+5.25%
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Figure 4.8: The hardware architecture for DVS classification and EMG classification. (a) Architecture for DVS classification, the

arbiter and the SPI interface are omitted from the figure. (b) Architecture for EMG DVS classification, the SPI interface is omitted

from the figure. Combining these hardware architecture, we can get the hardware architecture for the sensor-fusion network in a
straightforward way.

The DVS-core is a quad-core architecture, each core comprises 640 5-bit neurons, each neuron word
is 16-bit in length, and the synapse resolution is 2-bit. The outputs from the cores are sent to a virtual
core, which truncates the address and retains only the lower address field of a single core. In this way,
the results from the cores are simply added as the final classification output.

The neurons in the network are mapped to the crossbar architecture of the DVS-core following the
pattern illustrated in Figure 4.9.

4.2.2. Hardware configuration for electromyography (EMG) data classification
The hardware for EMG classification is shown in Figure 4.8b. This architecture is referred to as the EMG-
core.

It is a single core architecture, and the core comprises 128 7-bit neurons, each neuron word is 32-bit
in length, and the synapse resolution is 4-bit. The neurons are mapped to the crossbar in the way shown
in Figure 4.10.
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Figure 4.9: The neuron mapping of each core in the DVS-core.
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Figure 4.10: The neuron mapping of each core in EMG-core.



Verification

5.1. Hardware Verification Setup
In this section, we will introduce our hardware setup for verification.

5.1.1. Target FPGA platform

The generated cores are synthesized using Xilinx Vivado 2023.1 and implemented on a PYNQ-Z2 board
(shown in Figure 5.1), which comprises a Xilinx Zyng-7000 series SoC. The Zyng-7000 series SoC is
equipped with a dual-core ARM Cortex-A9 processor and programmable logic (equivalent to Artix-7 FP-
GAs). The SoC is thus divided into two parts: the processing system (PS) and the programmable logic
(PL). The communication interface between the PS and the PL is an AXI-based GPIO interface. Through
the Xilinx software portal, Vitis 2023.1, we can directly program the PS and control the core implemented
in the PL through GPIO interfaces, which is helpful for the verification process. Most interfaces on our
generated hardware system in the PL can be directly connected to GPIO interfaces. However, since the
SPl is a serial interface, we need to convert the parallel GPIO signal into the serial SPI signal, which is the
purpose of the SPI_GPIO interface (SPI_GPIO_Interface.scala and SPI_GPIO_Interface.v in Figure 3.8).
To save GPIO interfaces, we have also introduced an input demultiplexer for AER interfaces, allowing
multiple cores to be interfaced using only one GPIO interface.

5.1.1.1. Generated modules for verification
As mentioned in Section 3.2.2, two interface modules are generated for verification purposes.

GPIO-SPI interface
This interface bridges the parallel GPIO interface of the PS and the serial SPI interface of the multi-core
architecture implemented in the PL. It is also parameterized so that we can easily generate interfaces for
different SPI widths.

The timing diagrams of this interface are shown in Figure 5.2.

Input demux

To save GPIO resources, we use a single GPIO to output address events, which are distributed to different
cores in our multi-core architecture through a parameterized input demultiplexer, which is generated by
InputMux.scala. In this scheme, the highest 2-bit address specifies the destination core, and the rest of
the bits are sent to the cores.

The entire setup for verification

Because the estimated hardware resources required exceed the resources on our target SoC, we only
implement the DVS-core and the EMG-core on the FPGA. The block diagram of the entire system is shown
in Figure 5.3. As shown in the figure, the test is performed automatically with the board. Using Vitis and
Vivado, the testing program and the hardware bitstream can be programmed to the board through USB-
JTAG connection. The test set is stored on an SD card. In the verification process, the SoC reads the test

"https://www.tulembedded.com/fpga/ProductsPYNQ-Z2.html
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Figure 5.1: PYNQ board with the target SoC platform’.
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Figure 5.2: The timing diagram of the GPIO-SPI interface, Bgp; = 32. SCK: the clock of the SPI interface; wReq: write request
from the PS; rReq: read request from the PS; wAck: write acknowledge to the PS, will be asserted after all Bgp; (32) bits of data
are transmitted; rAck: read acknowledge to the PS, will be asserted after all Bsp; (32) bits of data are received; a[31:0]:
address field of SPlI communication; d_W[31:0]: data to be write through the SPI; d_r[31:0]: data read from the SPI; SS_n SPI
chip-select signal; FSM_state: the states of the FSM of this interface.
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Figure 5.3: Hardware verification setup.

set data from the SD card and writes the results to the SD card. The verification process can be monitored
through Vitis with USB-UART connection.

The setup for the EMG-core is similar. Since the EMG-core is a single-core architecture, the input
demux has been removed.

Both verification setups run at a clock frequency of 25 MHz, and a SCK frequency of of 5 MHz. The PS
runs at 650 MHz. In the verification setup, the samples are handeled in real-time without any acceleration.

5.1.1.2. Simulation

Here, we present the simulation results for DVS classification. In the simulation and verification process,
as we set a decay rate 5 = 0.9999, and a sample is divided into 500 time bins, the length of a bin is
less then 400 ps. Assuming a temporal resolution of 1 us, as 34°° = 0.99994%° ~ (.96, we can ignore
the neuron leakage in the entire process. Hence we do not need to add time reference events in our
deployment.

Without time reference events, we can also send the input events in a spike-by-spike manner, and
hence accelerate the recognition process. As shown in Figure 5.4, events in a ~200 ms scope can be
compressed into a ~20 ms scope in this configuration. This result indicates that the processing of the
spike-based information can be accelerated with our hardware.
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Figure 5.5: Accuracy versus DVS sample length.

5.2. Results from the FPGA Deployment

In this section, results of the DVS sub-MLPs and the EMG MLP deployed on our verification setup will be
presented.

5.2.1. Test results
The test results are obtained on the same test sets as we used in Sections 4.1.2 and 4.1.3.

5.2.1.1. DVS classification result
We achieved an accuracy of 74.95%. Although with an accuracy drop compared to our baseline, the
results show that our DVS-core is able to perform classification of DVS data.

5.2.1.2. EMG classification result
We achieved an accuracy of 17.36%. This result does not match our baseline. The analysis of possible
reasons is presented in Appendix C and their resolution is left for future work.

5.2.2. Accuracy-latency trade-off

As the rate coding scheme relies on the accumulation of output spikes over time, with a longer sample
length, the network is more likely to give a correct classification. An example showing the relationship
between the accuracy of the DVS classification and the length of the sample is shown in Figure 5.5. That
is, for each sample in the test set, we measure the accuracy with the events in first 50 ms, first 100, first
150 ms, and the whole 200 ms sample.

5.3. Results Assessment and Discussion

In this section, we will give assessment on the resource utilization, and compare our work with the only
existing work that is close to our generator: the RANC [70].

5.3.1. Resource utilization
The resource utilization of the DVS-core and EMG-core are listed in Table 5.1 and Table 5.2.

In a neuromorphic processor, memory always takes an significant part in resource utilization. There-
fore, a method to reduce hardware utilization is to reduce the number of neurons and synapses. As we
discussed in Section 3.2, our generator can generate user-specified crossbars with configurable memory
structure. Table 5.3 is the comparison of memory utilization for our cores and the cores used for the hand-
gesture application in [18]. For the DVS-core, our hardware is not as efficient as MorphIC because we
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Table 5.1: Resource utilization of DVS-core

Resource Utilization Available Utilization %

LUT 4955 53200 9.31
LUTRAM 62 17400 0.36
FF 9515 106400 8.94
BRAM 96 140 68.67
DSP 4 220 1.82
BUFG 4 32 12.50
MMCM 1 4 25.00

Table 5.2: Resource utilization of EMG-core

Resource Utilization Available Utilization %

LUT 1843 53200 3.46
LUTRAM 62 17400 0.36
FF 3267 106400 3.07
BRAM 2.5 140 1.79
BUFG 4 32 12.50
MMCM 1 4 25.00

use 2-bit weights. For the EMG-core, if we only consider the EMG classification tasks, our hardware uses
much less memory.

5.3.2. Reconfigurability
As there are few works that provide hardware reconfigurability, the closest work is RANC [70]. The com-
parison between our generator and RANC is listed in Table 5.4.

On a hardware level, the configurability of these works are similar. RANC allows configuration on the
number of axons per neuron, which can help reduce the memory taken by a core. However, the network
parameters of RANC, such as weights, are configured with memory files and are not configurable once
implemented on an FPGA. Hence, RANC can only be used as an FPGA platform as the parameters can
only be configured by reprogramming the FPGA. Our generator, on the other hand, keeps the configura-
bility of these parameters through an SPI bus and users can configure these parameters post-deployment.
This provides the possibility of using our generator for ASIC implementations.

RANC implements a mesh-based network-on-chip architecture, the "XY” routing scheme allows packet
routed to any destination in the network. On the other hand, our generator generates a tree-structured
network. Thanks to the high-flexibility of SpinalHDL, our generator can generate heterogeneous cores
with different parameters, whereas RANC also supports heterogeneous cores with IP wizard.

On a software level, RANC provides a good workflow from training to simulation and deployment on
FPGA. It includes a tick-accurate C++ simulator and the hardware can be implemented on an FPGA with
the provided IP wizard. Overall, the software environment is one of the most significant advantages of
RANC compared to our work.

In summary, our generator offers more flexibility in generating heterogeneous cores with different pa-
rameters. But the lack of a software ecosystem for our generator should be considered as a shortcoming
and open for future work.

Table 5.3: Memory size of different SNN processors.

MorphlIC [39] DVS-core ODIN [40] EMG-core

Neuron memory 32KB 5KB 4KB 512B
Synapse memory 256KB 400KB 32KB 8KB




5.3. Results Assessment and Discussion

69

Table 5.4: Comparison between our generator and RANC [70].

RANC This work
Configurability
Number of neurons YES YES
Number of axons YES NO
Neuron YES YES
Synapse YES YES
Leakage YES YES
On-chip configurability NO YES
Network-on-chip
Structure mesh-based tree-structured
Routing scheme "XY” routing Arbiter
Heterogeneous cores YES YES
Ecosystem

Software simulation ~ C++ simulation Custom setup necessary
FPGA emulation IP wizard Manual




Conclusion

In summary, we propose a reconfigurable digital neuromorphic hardware generator. Our generator is
capable of generating a tree-structured multi-core architecture where each core can be configured with
user-defined parameters. This hardware generator is developed using SpinalHDL for high flexibility in
hardware generation. We verified our hardware generator with a sensor-fusion hand-gesture recogni-
tion application: we first obtained the baseline models for DVS classification, EMG classification, and a
sensor-fusion network for hand-gesture classification; then we generated hardware for DVS classification
and EMG classification and verified them on a PYNQ board. The results validate our hardware generator
in the case of DVS classification. Finally, we compare the memory utilization of different hardware sys-
tems for the same application, and the configurability with a similar hardware generator: RANC. We show
that our generator offers good configurability for users to generate heterogeneous and resource-efficient
hardware that is tailored to specific applications.

The following aspects are left for future work:

« resolution for the mismatch in the accuracy of the EMG-core;
» hardware implementation of the sensor-fusion network;

+ a software ecosystem for easy network deployment, including a simulator (possibly using Spinal-
HDL’s simulation API [98]);

« support for more routing schemes and more multi-core architectures (such as the grid network in
RANC);

« support for more neuron models (such as the Izhikevich model);
» more configurable parameters, such as the number of physical neurons in a core;
+ support for online learning.
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Derivations

A.l. Derivation of the LIF model

In Figure 2.5, we have:

Lin(t) = Ig(t) + Ic(t) , (A1)
where Ir(t) and I (t) are the current of resistor R and capacitor C' at time ¢. From Ohm’s Law, we have:

In(t) = =~ (A.2)

From the property of capacitors, we can get the charge stored on the capacitor Q:

Q=CU(). (A.3)
We also have:
d@ dU
g = let)=Cg - (A.4)
From Equations A.1, A.2 and A.4, we can get:
_U(t) dU dau
Tin(t) = == + Cgp = RO = RIn(6) — U (1) . (A.5)

With = = RC', Equation A.5 can also be written as:

T = Blin(t) = U®), (A.6)

which is the same as Equation 2.6.

A.2. Derivation on getting gradients using BP algorithm

Here, we will give a brief derivation on how to get the gradient w.r.t. the weights in the output layer in
Algorithm 2. Assume that:

ui af" p{EY
() (L-1)

y=| " am= | | e |
p o) B
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Our goal is to get:
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By applying the chain rule to Equation A.7, we can get:

Noticed that

and

From Equation A.10, we have:
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From Equation A.8, A.9 and A.11, we can find that
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(A7)

(A.8)

(A.9)

(A.10)

(A1)

(A12)

Equation A.12 is exactly what Algorithm 2 does in Step 5 when k = L. For other layers, the processes

are basically the same. From Equation A.11, we can also find that

wi? =

3a§L)
R

je{1,2,p}, i€ {l,2,-m} .

With Equation A.13, we can also derive the expression in Step 6 in Algorithm 2.

(A.13)



Details of multi-core generation

B.1. Methods used in the generation process

Method: yield

The Scala keyword yield is used together with for-expression. It generates a new List from the existing List
which is iterated over in the for-expression [90]. For example, in MultiCore_Gen, the core components
are generated from a List of CoreConfigs, which is shown in Listing B.1.

Listing B.1: Generation of cores.

val Cores = for (elements <- corelList) yield new TinyODIN_Gen(elements)

In Listing B.1, corelList is a List of CoreConfigs which is passed as a parameter to MultiCore_Gen.
The for -expression iterates each element (CoreConfig) in CorelList and each element is passed as a
parameter to the module TinyODIN_Gen, which will generate a core with the parameters specified in the
corresponding CoreConfig. The generated cores are collected as a new List, which is Cores.

Method: count

count is a straightforward method that counts the number of elements in a List that match the provided
condition. For example, in Listing B.2, externalAERCount represents the total number of ArbiterConfigs
with externalAERIn = true.

Listing B.2: Number of elements with externalAERIn = true in arbiterConfigs.

1 def externalAERCount = arbiterConfigS.count(_.externalAERiIin == true)

Method: filter

The filter method creates a new list containing the element that satisfies the condition provided [90]. For
example, in Listing B.3, inputList is a new List that contains the CoreConfigs from coreList that have an
empty inputCore.

Listing B.3: Filter for the CoreConfigs with empty inputCore
1 def inputList = corelist. filter(_.inputCore == Nil)

Method: collect

The collect method applies a partial function to every element in a List and collects the result of this partial
function in a new List [90]. For example, in Listing B.4, inputWidthList is a List containing the AERWidth
of elements in inputList. The partial function case i => i. AERWidth returns AERWidth of i where i here
indicates any element in inputList.

Listing B.4: Collection of the AERWidths in inputList
1 def inputWidthList = inputList.collect{ case i => i.AERWidth }
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B.2. Multi-core generation example
As an example, a multi-core architecture in Figure B.1 can be generated with the code shown in Listing

B.5.

AER
OUTPUT CLK RST

! Vo

core0: idx =0,

SCK—>» inputCore = List(1,2),
SS_n(k+1) —) external AER = false
MOSI—>» A
Arbiter
MISO «—
corel: idx =1, core2: idx = 2,
inputCore = List(3,4,5), inputCore = List(6,7,8),
externalAER = false externalAER = true
$ Arbiter Arbiter
) T A
cored: idx =3, core8: idx =8,
inputCore = List(), ‘e inputCore = List(...),
externalAER = false externalAER = ...
A

Arbiter

U

A
coreK: idx =k,
inputCore = List(),
externalAER = false

]

AER s AER EXTERNAL
INPUT INPUT AER INPUT

Figure B.1: Example of tree-structured cores.
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Listing B.5: Code for defining a multi-core structure in SpinalHDL

/! Core definitions:

;

2

s // Core with idx = 0 is the core connected to the AER OUTPUT

+« val core0 = CoreConfig( ... , idx = 0, inputCore = List(1,2), externalAER
= false, ... )

s val core1 = CoreConfig( ... , idx = 1, inputCore = List(3,4,5),
externalAER = false, ... )

¢ val core2 = CoreConfig( ... , idx = 2, inputCore = List(6,7,8),
externalAER = false , )

7 I/l Core with idx = 3, this core has an empty input list and is connected
to the AER INPUT

s val core3 = CoreConfig( ... , idx = 3, inputCore = List(), externalAER =
false, ... )

o /...

1o // Core with idx = 8, this core has externalAER = true and is connected
to an external AER INPUT

n val core8 = CoreConfig( ... , idx = 8, inputCore = List...(), externalAER =
true, ... )

2 [

13 val coreK = CoreConfig( ... , idx = k, inputCore = List(), externalAER =
false, ... )

1s // Core generation:

7 Spinal.Config().generateVerilog(new MultiCore_Gen(List(core0, corel, ... ,
coreK)))

B.3. I0 definitions and connections
IO interfaces of this architecture (i.e., the MultiCore_Gen module) are described in Listing B.6.
Listing B.6: 10 definitions of MultiCore_Gen

val io = new Bundle {
// SPI bus

;
2

3 val SCK = in Bool()

4 val MOSI = in Bool()

5 val MISO = out Bool()

6 /1l SPl chip-select

7 val SS_n = in Vec(Bool(), corelList.length - virtualCount)

8 /1 Output

9 val AEROut = out Ulnt (log2Up(coreList(0).nOut) bits)

10 val AEROutAck = in Bool()

" val AEROutReq = out Bool ()

12 /!l AER inputs

13 val AERInAck = out Vec(Bool(), inputList.length)

14 val AERInReq = in Vec(Bool(), inputList.length)

15 val AERIn = in Vec(Ulnt(inputWidthList.max bits), inputList.length)
16 /! External AER inputs

17 val extAERInAck = out Vec(Bool (), external AERCount)

18 val extAERInReq = in Vec(Bool (), externalAERCount)

19 val extAERIn = in Vec(UlInt(extAERWidthList.max bits),

external AERCount)
20 }

In Listing B.6, Bool() indicates a signal is a 1-bit logic and Ulnt refers to a bit vector operated as an
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unsigned integer. Take AERIn as an example, it is a vector of inputList.length (the length of inputList) Uint
channels, each channel has inputWidthList. max (the max value of inputWidthList) bits. In this way, the
input and output interfaces of the multi-core architecture is parameterized and automatically generated
from user configurations.

As List in Scala and Vec provided by SpinalHDL are iterable collections, we can access a specific
element in these collections with a given index. This allows us to easily connect corresponding signals
by iterating over the generated cores and arbiters, as well as elemets of Vecs in the |O interface. For
example, the code in Listing B.7 connects the AER output requests from all arbiters to the AER input
requests of the associated cores.

Listing B.7: 10 definitions of MultiCore_Gen

for (i <= 0 until (Arbiters.length)) {
Arbiters(i).io.reqOut <> Cores(coreConnection(i)._1).io.AERInReq

}



Analysis on EMG Result

C.1. Possible reasons

The main possible reason for the mismatch between the baseline results and the verification result of the
EMG classification is the negative affect of event binning in the training process. As mentioned in Section
4.1.1, recordings are binned with 500 time bins. Because of the property of EMG data, it is likely that
multiple events are binned into the same bin and passed to the network defined in snnTorch at the same
time in a tensor. In the training process, these events are handled at the same time before a neuron is
updated. However, in our hardware, a neuron is updated per event. This will cause the different response
shown in Figure ?7?.

C.2. Possible solutions
To compensate for this mismatch, possible solutions are to:

* increase the number of bins as well as add temporal jitter to the events to make sure that the events
are located in different bins;

* introduce a burst mode to the hardware to handle a group of events at the same time.
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Figure C.1: Different response of binned input and separated inputs. Taking a neuron with an initial membrane potential of 0 and
the input synapses shown in the figure as an example. The upper subfigure: The binned events are multiplied and accumulate
with the weights and result in a membrane potential of 3 before it is passed to activation. The lower sub-figure: A single event

might trigger the activation immediately as it is handled separately and results in a membrane potential of 5. This is the case in our

hardware, as the scheduler only schedules a single event at a time. As spikes in DVS recordings are more uniformed distributed
than in EMG recordings, and we only take positive spikes in DVS recordings and these spikes are separated to 4 sub-MLPs, it is
much less likely that multiple adjacent spikes sent to a single sub-MLP are binned in the same bin. Therefore, it is safe to train the

network for DVS classification in this binning manner.



	Abstract
	Nomenclature
	Introduction
	Background of Neuromorphic Hardware
	Overview of Neuromorphic Hardware
	Basic Principles of Spiking Neural Networks (SNNs)
	Biological neurons
	Neuron models in ANNs
	Network architectures
	Neuron model in SNNs
	Spike encoding and decoding in SNNs
	Learning algorithms

	Related Work
	Event-based interface
	SNN hardware
	SNN training framework


	Application of Neuromorphic Hardware in Heterogeneous Computing
	Event-based sensors
	sensor-fusion
	Using SNNs in Gesture Recognition Applications


	Generation of Configurable Digital Neuromorphic Hardware
	High-Level Hardware Description Languages (HDLs)
	Overview of High-Level HDLs
	Chisel
	SpinalHDL
	Cash
	MyHDL

	Evaluation of Selected High-Level HDLs
	Modularity
	High-level circuit modeling flexibility
	Readability of the generated Verilog
	Quality of documentation
	Long-term support

	Conclusion

	Proposed Configurable Digital Neuromorphic Hardware Generator
	Design Choice
	Trade-off between on-chip configurability and generator flexibility
	Trade-off between single-core and multi-core architectures

	Workflow and architecture of the generator
	Configurable Core Architecture
	Intra-core parameters
	Architecture
	Interfaces and operations
	Neuron and synapse operations

	Multi-core Architecture for sensor-fusion Applications
	Generation process of a multi-core architecture
	Arbiter Design
	SPI connection



	Deployment of Gesture Recognition Application
	Machine Learning Baseline
	Details of dataset
	DVS
	EMG

	Neural network for vision data classification
	Network architecture
	Hyperparameter sweeping
	Baseline result

	Neural Network Setup for Electromyography (EMG) Data Classification
	Network architecture
	Hyperparameter sweeping
	Baseline result

	Neural Network Setup for sensor-fusion
	Network Architecture
	Baseline results


	Mapping on Proposed Hardware
	Hardware configuration for vision data classification
	Hardware configuration for electromyography (EMG) data classification


	Verification
	Hardware Verification Setup
	Target FPGA platform
	Generated modules for verification
	Simulation


	Results from the FPGA Deployment
	Test results
	DVS classification result
	EMG classification result

	Accuracy-latency trade-off

	Results Assessment and Discussion
	Resource utilization
	Reconfigurability


	Conclusion
	References
	Derivations
	Derivation of the LIF model
	Derivation on getting gradients using BP algorithm

	Details of multi-core generation
	Methods used in the generation process
	Multi-core generation example
	IO definitions and connections

	Analysis on EMG Result
	Possible reasons
	Possible solutions


