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Abstract

The advent of Artificial Intelligence (AI) and Internet-of-things (IoT) has led to a significant
demand for edge computing and enabling Neural Network Implementation on edge devices.
However, due to large MAC operations involved in the implementation of Neural networks,
the traditional digital hardware based on the von-Neumann architecture is not well suited
for an edge device. Computation-in-Memory (CIM) is an attractive alternative in mitigat-
ing the challenges involved with traditional hardware by directly processing the data within
the memory. It utilizes emerging memory devices such as Resistive Random Access Memory
(RRAM) to perform in-place computations in the analogue domain, thereby, eliminating the
bottlenecks associated with the constant movement of data in the von-Neumann architecture.
However, the standard implementation of CIM comes with several challenges, with the pri-
mary being high power consumption, which debate its implementation on an edge device in
accelerating Neural network computation. Thus, this work proposes a novel CIM crossbar
that has the potential to alleviate the challenges associated with the standard CIM cross-
bar. Subsequently, an ultra-low power micro-architecture design is proposed, based on the
novel CIM crossbar, that can accelerate Binary Neural Networks (BNN) and Spiking Neural
Networks (SNN) with high power efficiency. The benchmark results obtained over the imple-
mentation of custom-developed BNN and SNN, trained over the MNIST dataset, indicate a
power reduction of 13x and 26x respectively for the proposed micro-architecture, compared to
its standard CIM crossbar counterpart. In addition, the proposed micro-architecture exhibits
energy savings of around 4-5x over both BNN and SNN, making it a promising alternative
for accelerating neural network computation over edge devices.
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Introduction

1.1 Motivation

Recent breakthroughs in Artificial Intelligence (AI) make them an increasingly compelling
alternative for powering many real-world applications that were previously considered un-
achievable by explicit programming [6][7][8]. It is paving the way to a new realm of possibil-
ities such as self-driving automobiles [9], Natural language processing (NLP) [10], and text
interpretation, which otherwise cannot be realised solely by analytical techniques.

Neural networks (NN) are the current state-of-the-art contender for AI applications and have
multiple variants such as Artificial Neural Network (ANN), Deep neural networks (DNN),
Convolution neural networks (CNN) and, more recently, Spiking Neural networks (SNN).
These networks are largely trained and implemented on powerful workstations or data cen-
tres with virtually unlimited resources. The advent of Internet-of-Things (IoT) [11] has led
to a significant demand in edge AI [12], where the computations associated with the Al ap-
plication are required to be locally carried out at the device level without engaging cloud
computing. However, deploying these networks on edge devices, that are generally resource
constrained, presents a major challenge.

The core computation in any neural network is a Multiply and Accumulate (MAC) Opera-
tion between the inputs and the trained weights, constituting about 70-80 % of the entire
computation [13]. These operations are typically implemented on classic CMOS-based digital
hardware such as CPU, GPU [14], Al oriented ASIC’s (TPU [15]) and FPGA installed in
workstations or data centers. While it is true that the aforementioned computing systems are
being tailored to accelerate Al applications by incorporating high memory bandwidth and
parallelism, their core function is still based on the von-Neumann architecture, where the
memory and computational units are separate entities as depicted in figure 1-1.
Consequently, vector-vector multiplication in such digital systems is performed by sequentially
fetching each pair of vector elements from the memory and multiplying them in a separate
processing unit. This is followed by an addition operation in which the result of the mul-
tiplication is added to the previously stored data, again necessitating retrieval of data from
memory and storage of the accumulated result. In the case of matrix multiplications, the
entire method has to be repeated until each vector of the first matrix is multiplied by every
vector of the second matrix to generate the final matrix.

Due to several data transactions between the processor and memory for each MAC operation,
this entire procedure is a highly compute-intensive activity with a time complexity of at least
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Processing Element —_—
ngE ” Memory

Figure 1-1: Simplified illustration of von-Neumann architecture

O(n?) and constitutes a major bottleneck in terms of latency and energy usage. Notably,
the latency and energy cost associated to such data transactions can be orders of magnitude
higher than that of the processing element [16]. This is the also the reason for the ever-
widening gap between the processor and memory speeds, known as the memory wall [17],
which limits the capabilities of modern digital processors, that otherwise can have exception-
ally high clock frequencies. In addition, they can be pipeline enabled, have multiple cores,
and use multi-level cache to accelerate computations. Subsequently, the load/store overhead
of loading each pair of items from memory and storing the result back into memory is re-
sponsible for longer overall latencies, while the energy consumed during these transactions
contributes to a much greater total energy consumption, rendering matrix multiplication on
traditional digital hardware slow and inefficient.

Moreover, with the increase in the size and density of neural networks, this bottleneck is fur-
ther aggravated because of massive data transfers within the system [18]. Therefore, it makes
it impractical to deploy the same neural network on a purely digital edge device having limited
power, energy and/or area budget. This encourages the development of an alternate computer
architecture which is capable of not only accelerating MAC operations but also carrying them
out with high energy/power efficiency. It is essential for alleviating the memory-processor (von
Neumann) bottleneck and make neural network implementation practical for edge computing.

1.2 Overview of Computation-in-Memory (CIM)

One of the upcoming computing technologies which has the potential to mitigate the chal-
lenges involved with classic computing architecture is Computation-in-Memory (CIM). As the
name suggests, it utilises emerging memory technologies, such as Resistive Random Access
Memory (RRAM), to perform in-place computations and eliminate the bottlenecks associated
to data movement. Figure 1-2 depicts a typical implementation of MAC operation over CIM,
where a 2D crossbar of memristors is subjected to a set of input voltages. Since the memris-
tors retain data in the form of resistance states, using simple circuit laws, it can be shown
that the output currents generated in the crossbar are analogous to a single VMM operation
between the input voltages and the matrix represented by the weights of memristors (refer
section 2.1)

However, the conventional CIM crossbar as depicted in the figure 1-2, has issues with scalabil-
ity owing to the parallel configuration of all the memristors. Although, the currents through
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Figure 1-2: Typical implementation of a MAC operation over CIM architecture

a single memristor is in the orders of sub pA, the total currents through the crossbar can
easily accumulate to the orders of mA if given enough size. This results in high power con-
sumption that is unsuitable for edge devices expecting power consumption in the order of uW.

Several strategies have been proposed for reducing the power consumption by decreasing ei-
ther the read voltages or the absolute conductances of memristors. For instance, SRIF [16]
propose an additional circuit at the periphery that utilises an NMOS, coupled with a differ-
ential amplifier, to maintain the bitline at a higher voltage and effectively reduce the read
voltage across RRAM to 0.1V, which is low compared to read voltages used in other works
[19][20]. This limits the magnitude of induced currents which, in turn, reduce the power
consumption. However, reducing the read voltages with this technique has its own challenges
as the functionality of the crossbar is highly dependent on the performance of the differential
amplifier. Moreover, owing to the limits of the differential amplifier, the read voltages cannot
be reduced beyond a certain point with this technique. Furthermore, for the conductance val-
ues employed in this study, which vary from 50 uS to 500 uS, currents may still accumulate
to the mA range for a crossbar of size 64x64.

On the other hand, PUMA [20] use RRAM at very low conductances ranging from 1 S
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to 10 pS to limit the magnitude of resulting currents. Extremely low conductance levels
are undesirable because they are susceptible to device-to-device and cycle-to-cycle variations
(refer section 2.2).Additionally, lower conductances or higher resistances induce more noise
into the system, which may significantly impact the performance of analogue components.
Not only the currents, but the read voltages in standard CIM crossbar also pose a problem,
which may reach as high as 500 mV as seen in PUMA. Usage of such high read voltages can
cause significant read disturb in memristors (refer section 2.2) and gets worse with increasing
conductance of memristors. This phenomena not only lead to the deviation of the stored
weights from their initial value, but may also cause complete flipping of the resistance states
overtime, inducing undesirable errors. In addition, the intrinsic architecture of conventional
CIM crossbar makes it prone to flow of parasitic currents, as illustrated in figure 1-2, owing to
the indirect coupling of columns via Source lines. By recycling the background parasitic/sneak
current, attempts have been made [21] to reduce its impact on the performance of the crossbar.
Nonetheless, the effect of parasitic currents cannot be fully eliminated since it mostly occurs
due to mismatch in components, and may further degrade the accuracy as well as the efficiency
of the system.

1.3 Problem Statement

Thus, a new approach is required in the design of CIM crossbar which can alleviate the
challenges associated with the standard CIM crossbar. In addition to being compatible with
the implementation of Neural networks, the novel approach must be able to limit the read
currents in the range of nanoamperes (nA), thus reducing the power consumption as well as
the phenomenon of read disturb.

Moreover, the columns in the this innovative approach must be isolated from each other to
eliminate the existence of parasitic paths within the crossbar. Based on the above discussion,
a novel CIM crossbar is proposed in this work which, to the author’s knowledge, has not been
done previously. This is proceeded by the realisation of a low power micro-architecture, based
on the proposed novel CIM crossbar, to accelerate neural network implementation with high
power efficiency.

1.4 Contribution

In this work, we present a low power micro-architecure based on the novel CIM crossbar dis-
cussed previously with the aim of accelerating neural network computations on edge devices.
The micro-architecture is designed to accelerate binarised Artificial neural networks (ANN)
and Spiking neural networks (SNN) as explained in section 2.3. The contributions in this
work are as follows:

1. We propose and design a RRAM based novel CIM crossbar, which includes
¢ A unique crossbar design using 2T1R configuration
e 100 nA constant current source, capable of generating upto 1 uA of fixed current
with a step of 100 nA
o Usage of charge pump to reduce latency
o Linear voltage to current converter also known as V/I converter

4



1.4 Contribution

o Leaky-Integrate and Fire circuit equipped with refractory behaviour
2. Development of custom Binary Neural Network as well as Spiking Neural Network over
MNIST dataset [22], compatible with the aforementioned micro-architecture, for the
purpose of bench-marking the proposed hardware against current state-of-the-art
3. Chip tapeout of the proposed micro-architecture

The benchmark results obtained on the implementation of custom-developed Binary Neural
Network (BNN) as well as Spiking Neural Network (SNN) exhibits promising performance
of the proposed architecture. When compared to current state-of-the-art with reasonable
overheads, the proposed architecture has a reduced power consumption by 13x and 26X
on BNN and SNN, respectively. Although the proposed architecture has higher latency, it
still consumes lower energy with respect to its standard counterpart by 4.75x for BNN and
3.94x for SNN. Finally, the worst case scenario calculations demonstrate up to two orders of
magnitude reduction in power for the proposed architecture.

1.4.1 Outline

Following an overview of memristor technology and neural networks in Chapter 2, the pro-
posed architecture is described in depth in Chapter 3. Chapter 4 covers the results of
bench-marking this micro-architecture against two custom-built neural networks. The tape-
out procedure and the design of the chip created for fabrication are discussed in Chapter 5.
The Chapter 6 provides concluding remarks and recommendations for future phases of this
project.



Background

In recent years, several neuromorphic computing architectures have been presented in an ef-
fort to accelerate neural network computations by digitally emulating functions of neuron.
Spinnaker [23] and Loihi [24] present custom CMOS-based integrated circuits with multiple
dedicated processing cores for performing Neural network computations with a high degree
of parallelism. However, the underlying functionality of these works is still based on the von
Neumann architecture, making them inferior in comparison to the previously described mem-
ristor crossbar technology. In an attempt to surpass the bottlenecks associated with the von
Neumann architecture and push the limits of digital hardware, Truenorth et al.[25] propose
a novel design based on Near-memory computing architecture [26].

Here, each processing core is equipped with its own SRAM block, to keep the memory close
to the processing element, and thus minimise the bottlenecks associated with data movement.
Despite having better performance to its von Neumann counterparts, CMOS technology is
struggling with excessive sub-threshold leakage [27] and also, scalability [28].

In addition, the volatile nature of CMOS-based memory such as SRAM results in excessive
power consumption. Several state-of-the-art works [19][20][29][30] based on CIM architec-
ture have been presented in recent years that utilize the Resistive Random Access memory
(RRAM) based standard CIM crossbar to accelerate neural network computation. Resistive
Random Access memory (RRAM) has been the most preferred memristor technology (as
explained in 2.2) for the crossbar because of its non-volatility, low read/write voltages, fast
access speeds, and compact size.

2.1 Compute-in-Memory (CIM)

In-Memory Computing or Compute-in-Memory (CIM) is a trending computer architecture
that shows promise in mitigating the issues associated with conventional computer architec-
ture [31] [32]. As the name indicates, it seeks to directly process data stored in the memory,
eliminating the requirement for data transportation and, subsequently, the von-Neumann
bottleneck associated with conventional digital hardware. This is facilitated by utilizing a
special kind of memory device, known as memristor [33], which stores data in the form of
discrete resistance states. This data may be immediately processed in the analogue domain
with the aid of simple circuit laws, resulting in a new computing paradigm that combines
digital and analogue computing.



2.1 Compute-in-Memory (CIM)
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Figure 2-1: lllustration of a standard CIM crossbar depicting typical implementation of a VMM
operation

Figure 2-1 depicts the standard implementation of a MAC operation based on CIM archi-
tecture, where MxN memresistive components are arranged in a 2D crossbar array and pro-
grammed to certain conductance states. Each memristor is connected across its respective
Source line (SL) and Bit line (BL), which are the corresponding inputs and outputs of the
crossbar. As seen in figure 2-1, a set of analogue voltages are applied to the SL (Row), while
the BL (Column) are maintained at a fixed voltage, in this instance 0V. Now, utilizing Ohm’s
law, the currents across each memristor (i,,,) may be determined as follows:

tmn = Vi -Gmn (2-1)

From the equation 2-1, it can be observed that the magnitude of memristor currents constitute
one multiply operation, where the input voltage (V,,) is the first operand and memristor
conductance (Gy,,) is the second operand. Thus, a memristor crossbar of size MxN can
perform M xN multiply operations simultaneously. Moreover, according to Kirchoff’s Current
law, the memristor currents (i,,) accumulate at their respective n'* BL giving rise to final
column currents (I,,), as depicted in equation 2-2.
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I =911+ %21 ... %001 (2—2&)
IQ - i21 + i22 ‘e iMQ (2—2b)
IN =91y +ioN ... iuN (2-2¢)

The magnitude of each column current (I,) constitutes M addition operations, between M
operands, i.e., the M memristor currents in n*” column. Subsequently, a crossbar of size
MxN can perform N addition operations, of M operands each in parallel. By substituting
equation 2-1 in 2-2,; it can be rewritten as equation 2-3, to illustrate that the column current
(I,) is analogous to a single MAC operation between the input voltages and the memristor
conductances in n*” column. Accordingly, a crossbar of size MxN can perform N MAC
operations simultaneously.

L =ViG11 + VoGor ... ViiGan (2—3&)
I, =ViGo1 + VoGasy ... VarGro (2—3b)
Iy =V1Gq, + VoGan ... VGunN (2—30)
Gy G ... Gin |
Goy Gog ... Gan
= b L o Iy =[Vi Vo . W] S ‘ (2-4)
_GMl Gya ... GMN_
Lixn = Vixm-Guxn (2-5)

Consider now that the set of applied input voltages represent a vector "V’ of size 1xM and
the conductance values of the memristors constitute a matrix G’ of size MxN. It can be
shown from equation 2-4 and 2-5 that the magnitude of resulting currents across N columns
is equivalent to the final vector I’ of size 1xN, obtained on the multiplication of vector "V’
and matrix 'G’.

Therefore a standard CIM memristor crossbar of size MxN is capable of performing one
Vector-Matrix Multiplication (VMM) operation between a vector of size M and a matrix of
size MxN with complete parallelism, finishing the operation in one cycle. This is highly
promising as the time complexity of performing a VMM operation has substantially lowered

8



2.2 Memristor

down from O(n?) to O(1), accelerating the computation by about MxN times.

Additionally, the in-place computations save time and energy that would otherwise be lost on
the constant movement of data between the memory and processing unit. To convert digital
values into suitable analogue voltages and vice versa, additional peripheral components such
as analogue-to-digital converters (ADCs) and digital-to-analogue converters (DACs) may be
required since the core operations occur in the analogue domain. This may lead to increased
power, latency, and area overhead that are not otherwise required in conventional digital
hardware.

2.2 Memristor

As prospective successors, developing memory technologies such as phase-change random ac-
cess memory (PCRAM), magnetic RAM (MRAM), ferroelectric RAM (FeRAM), and resistive
RAM (RRAM), are being investigated[31][33]. Table 2-1 depicts a detailed comparison among
the aforementioned memristor technologies.

Memory type Flash PCRAM | MRAM | FeRAM RRAM
Cell 1T 1T1R 1T1R 1T1C 1T1R
3
R/W time (nsec) 63286/ 2075{ o 12 200/134 | 8.5/10
R/W energy (%) - 15.3 0.9/1.3 9.77 -
Endurance 10° 107 1016 103 108
Retention >10 Years | >10 Years | >10 Years | >10 Years | >10 Years
Density (%2) 555 15.7 0.35 0.93 6.66
Tech Node (nm) 34 58 90 130 180

Table 2-1: Detailed Comparision of Different Memristor Technologies[5]

Since each technology has its own advantages and disadvantages, it is difficult to find the
most appropriate replacement for CMOS technology. For instance, PCRAM is the most
energy-intensive due to its resistive switching behavior, while FeRAM suffers from signal
degradation during scaling. Although MRAM has high endurance, it not only consumes a
significant amount of power during programming, owing to its large write-currents, but also
has a low magneto-resistance ratio (Rof¢/Ron) leading to lower accuracies. Thus, we focus
on RRAM technology due to its compact structure, fast switching operation, and ease in
scalability. Memristors are generally used with an access transistor connected in series, also
known as one-transistor one-memristor (1T1R) configuration, in order to provide accessibility
by individually selecting each memristor in a crossbar via word lines (WL) for the purpose of
programming.

2.2.1 Resistive Random Access Memory (RRAM)

Resistive Random Access Memory (RRAM) has drawn considerable attention as a CIM mem-
ory element because of its many overall benefits over other technologies. A RRAM device is

9



Background

' ToP TOP
’ ELECTRODE ELECTRODE

o2
el < 3t
- £ S SET
RESET € 02
o -U. ;
{ BOTTOM ’ BOTTOM 304 T'
| ELECTRODE ELECTRODE 0. RESET
High Resistance State Low Resistance State 5 ] 0 . 5
(HRS) (LRS) Voltage (V)—

Figure 2-2: RRAM and its typical |/V characterisitcs[1]

composed of an oxide material sandwiched between two metal electrodes. By modifying the
oxygen vacancies induced in this layer, the RRAM’s resistance may be altered and utilized
to store data. RRAMSs typically exhibit a high-resistance state (HRS) and a low-resistance
state (LRS) which is used to represent and store binary data as 0’ and ’1’, respectively. The
switching from HRS to LRS is known as "SET," while the switching from LRS to HRS is
known as "RESET", as depiceted in figure 2-2.

On applying the Set Voltage (Vspr) across RRAM, a conductive path, known as the filament,
begins to form, which enhances the conductivity of the oxide layer. Once the formation of the
filament is completed, there is a sudden change in the channel resistance of RRAM, leading to
LRS. Similarly, the application of the Reset Voltage (Vgrrser) across the RRAM, causes the
rupture of the conductive filament, reducing the conductivity of the oxide layer and leading to
HRS. This behavior can be verified by the hysterical I/V characteristics of RRAM as shown
in figure 2-2.

In addition, it is possible to achieve multiple intermediate resistance states between the LRS
and HRS by controlling the extent of filament creation or rupture, also referred to as Multi-
Level Cell (MLC) operation. This allows multiple bits of data to be stored in a single RRAM
device. However, current RRAM technology still struggles to achieve these intermediate states
reliably, therefore they are normally employed to store one-bit data, as is the case in this work.

The underlying physics and fabrication process of a resistive memory device may result in a
number of non-idealities that deviate from its ideal performance as a programmable resistor.
Among the most major non-idealities are:

¢ Device-to-Device Variations Due to fabrication errors, different resistive memory
devices exhibit varying resistance properties under identical programming conditions
[32][2]. These variations further aggravate with increase in resistance of memory devices,
as seen in figure 2-3a, thus discouraging the use of very high resistance states in order
to maintain reasonable accuracy.

¢ Cycle-to-Cycle Variations Similarly, due to the stochastic nature of the underlying
physics (like the filament formation/rupture in RRAM, crystallization/amorphization
in PCM), the same resistive memory device exhibits various resistance characteristics
at different points in time under identical programming conditions [32] [2]. Since an
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Figure 2-3: Non idealities in RRAM technology [2]

increase in resistance makes stochastic processes more random, the extent of variations
is greater for memresistors programmed to higher resistance states, as shown in Figure
2-3b,

¢ Resistance Drift With every read operation, the currents flowing through the memris-
tor cause minute formation or rupture of the filament. Overtime, it causes the resistance
of the memristor to deviate from its initial value, inducing errors. The higher the read
currents, the higher will be the impact. Thus, it is important to keep the read currents
in check in order to ensure the integrity of the stored data over an extended period of
operation.

2.3 Neural Network implementation using CIM

2.3.1 Artificial Neural Network (ANN)

Presently, Artificial Neural Networks (ANN) are the most prevalant approach to artificial
intelligence, which are inspired by the functionality of a basic perceptron structure [34]. Each
layer of an ANN is comprised of a certain number of real-valued inputs and output neurons
coupled through weighted paths. Consequently, a layer’s input values are scaled by the
weight of each forward path and accumulate at the output neuron. This is followed by the
activation function built inside the neuron, which executes a defined set of computations on
the accumulated result to generate the final output of that layer. These outputs are then
fed as inputs to the subsequent layer, and this process continues until the neurons in the last
layer generate final outputs. This process is also known as Forward pass/Inference, by which
a neural network attempts to produce a prediction based on a collection of input features and
a trained set of weights stored in the paths established between two successive layers.

This entire operation may be mapped to a CIM crossbar as illustrated in figure 2-4, where a
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Figure 2-4: Implementation of Artifical Neural network using CIM

fully connected layer (Layer 2-3) with 4 inputs and 3 outputs constitutes a VMM operation
between the 4x1 input vector and 4x3 weight matrix. The outputs are then converted
into digital values using digital-to-analogue converters (DACs) at the periphery in order to
perform out further computations relating to the activation function used by the specific
layer. In specific cases, this computation can also be realised in the analogue domain with
the usage of customized analogue circuits. For instance, the activation of a threshold may be
readily emulated using a comparator, minimizing the necessity of power-hungry DACs.

In this work, we confine ourselves to binarised neural networks (BNN), in which both inputs
and weights are binary, in other words, they can only take on two values. In addition, the
outputs produced by the VMM operation between inputs and weights are subjected to a
threshold activation that binarises these outputs against a threshold value.

This can be easily mapped on both the standard and the novel CIM crossbar, proposed later
in this work, where the inputs are a fixed, high or low voltage and the RRAMs, representing
the weights, can be reliably programmed to either its Set or Reset state. Additionally, the
outputs may be directly binarised in the analogue domain using a comparator. Therefore,
the implementation of Binary neural networks does not necessitate the use of additional
circuits, such as ADCs and DACs, to convert digital values to analogue signals and vice
versa. Compatible with both crossbars, BNNs are ideally suited for hardware comparisons
between the conventional and novel CIM crossbars, as described in the chapter 4.

2.3.2 Spiking Neural Network (SNN)

Spiking Neural Networks (SNN) are a new category of low-power neural networks that draw
their inspiration from the way in which the human brain functions. Considered one of the
most advanced biological computers, the fundamental computation unit of a human brain is
the neuron, the human brain consists of an extraordinarily dense network of neurons (com-
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Figure 2-5: Schematic of a biological neuron[3]

putational units) interconnected by synapses, which are the weighted connections between
neurons and represent memory inside the brain. A neuron consists of four major components,
the soma being the main body of the neuron that conducts computations depending on den-
dritic inputs. The axon terminals, in the axon, are responsible for transmitting output from
the soma to other neurons, as seen in the figure 2-5.

Neurons communicate utilizing binary spikes that are temporally encoded and are received
or transmitted through a vast network of synapses that modulate the signals depending on
their weights. Charges induced by these modulated input spikes accumulate in the neuron’s
body, hence altering its membrane potential. Leakage of charges from the neuron influences
the membrane potential as well. Thus, if a neuron receives a sufficient number of spikes in
a short period of time, the membrane potential may surpass the threshold of the neuron,
resulting in the firing of an output spike from the neuron.

The human brain may contain up to 10'' neurons connected via 10 spikes while requir-
ing only twenty fJ of energy per operation [3]. Therefore, Spiking neural networks have the
potential to enable ultra low-power neuromorphic computing, since they are inspired by the
functioning and efficiency of the human brain.

SNN;, in contrast to ANN, executes an inference in several time steps and receives a varied
number of spikes at the input in each time step depending on the input encoding scheme.
It is necessary to transform the inputs into binary spikes which get modulated through the
network of weighted synpases they travel through. These modulated spikes then accumulate
further to perform computations. Several encoding schemes, as depicted in figure 2-6, are
proposed to convert the rea-valued input into relevant spikes over a defined number of time
steps. The rate encoding scheme and the temporal encoding scheme are the two most com-
mon variants.

The rate encoding technique is the most widely utilized encoding scheme due to its simplicity

13



Background

Input pixel (P) Rate coding Input pixel (P) Time-to-first spike coding
c 1 period D
—

Spike weight 2" :n= 1 2 3 456 7 8

1 11|

Input pixel (P) Phase coding Input pixel (P) Burst coding

Figure 2-6: Input encoding schemes for Spiking neural network [4]

of implementation and noise resistance. In this scheme, the input values are first normalised
before being considered as the probability values of the firing rate. These probability values
are then used to convert the inputs into a Poseidon spike train, spread over the total number
of time steps of inference. Consequently, we use a rate encoding scheme in this work for the
sake of training and benchmarking.

The distinction between a Spiking neural network and a Binary neural network is in their
activation dynamics. In recent years, several models have been presented that mathemati-
cally represent the dynamics of a biological neuron with varying degrees of complexity. The
traditional Hodgkin-Huxley model [35] is a fourth-order biophysical model that represents the
behavior of the currents flowing into the neuron ion channels in a manner that is biologically
plausible. Due to its complexity, however, other second-order simplified models have been
proposed, such as the FitzHugh and Nagumo model [36][37] and the Morris-Lecar model [38],
among others.

In recent years, the Izhikevich model [39] and the Adaptive Exponential Integrate and Fire
(AdEx) model [40] have gained a great deal of popularity due to their ability to mimic a wide
range of spiking regimes observed in biological neurons by varying a reduced number of model
parameters. While comprehensive biophysical models may accurately recreate the dynamics
of biological neurons, they are computationally difficult to realise and is currently inconsistent
with hardware implementations. Owing to these factors, simple first-order models, such as
the Leaky Integrate and Fire model (LIF)[41][42], are presently the most popular choice for
implementing Spiking Network Networks, which is also the case in this work.
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Owing to the binary structure of the inputs and outputs, SNNs may be mapped to a CIM
crossbar in a manner similar to that of Binary Neural Networks. Likewise, the synaptic
weights between two layers can be represented in the same way by the memristor conductances
in the crossbar. The main difference lies in the activation dynamics of SNN, which employs
the LIF model, to accumulate the induced charges at each time step of the inference cycle
and fire an output spike once the membrane potential exceeds its threshold.

This can be emulated using the custom LIF circuit, proposed later in Chapter 3, which, as
depicted in figure 2-7, is paired up with each crossbar column at its periphery. The current
generated in a column, that is the result of a MAC operation between the input spikes and
synaptic weights across that column, is integrated at each time step in the inbuilt capacitor
of that column’s LIF circuit. A comparator (part of the LIF circuit) is then used to give an
output binary pulse or spike as soon as the voltage across the inbuilt capacitor exceeds the set
threshold. Thus, each column, combined with its inputs, weights and LIF circuit, represents
an artificial neuron. The column, within the final layer, which fires the maximum number of
times in a given inference cycle, is considered to be the predicted output.
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Figure 3-1 illustrates the fundamental distinction between the standard approach and the
novel approach to CIM proposed in this study. In contrast to the conventional crossbar,
where the input voltages are the first operand and the output is in the form of current, the
novel approach utilizes a fixed current established in the column as the first operand and
obtains analogue voltages at the top of the column as the output.
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As seen in figure 3-2, the crossbar currents remain constant regardless of the number of 'on’
devices, as opposed to the standard implementation, in which the currents increase as the
number of ’on’ devices increases. By maintaining the column currents in the sub-pA range, the
currents in the novel crossbar can be limited in the pA range. This exhibits great potential in
reducing the power consumption by orders of magnitude compared to the standard crossbar,
where the crossbar currents are highly dependent on the input voltages and can accumulate
in the range of mA.

3.1 Novel approach

Figure 3-3 illustrates the proposed novel CIM crossbar, in which each memristor is coupled
with an NMOS to produce a single bit-cell. In addition, these bit-cells in a column are con-
nected in series configuration rather than parallel configuration as in a standard CIM crossbar.
Each column is driven by its constant current source, such that the current 'I’, set by the
current source, is the same across the entire column.

Assuming the NMOS is operating in the triode region and its "on" resistance is negligible
in comparison to that of the memristors, the current through a bit cell either flows via the
memristor or the NMOS, depending on the state of the NMOS. Considering a binary input ,
if the NMOS in a bit-cell is "off" (Vj;,() = 0), the current 'I’ flows through its corresponding
memristor, causing a voltage drop (vy,,) which, depending on its resistance state (R, ), may
be given using Ohm’s Law as 3-1,

Vmn = 1.Rmn (3-1)

In contrast, if Vi, is high (Vinn) = Vpp) or the NMOS is ON, the current in the bit-cell
would follow the path with least resistance and flow via the NMOS, resulting in a negligible
voltage drop. This constitutes one multiply operation in which, depending on the state of the
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Figure 3-3: lllustration of the novel CIM crossbar depicting typical implementation of a VMM
operation

input, the column current serves as the first operand, and the memristor’s resistance serves
as the second operand.

Since all of these bit cells are connected in series, the voltage drop across each bit-cell accu-
mulates as a result, constituting an addition operation of M operands. As shown in equation
3-2, the final voltage at the output (V,) of the n** column is the result equivalent to one MAC
operation between the inputs and the memristor resistances in the column. Consequently,
this crossbar can perform a single VMM operation in the same manner as the standard CIM
crossbar, assuming the inputs are binary.

As observed in figure 3-3, if the column currents are maintained within the order of nA, the
overall current in the crossbar may be confined within the range of yuA, resulting in a power
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reduction by one-to-two orders. Secondly, if the resistances of the memristor are maintained
on the order of kilo ohm, the read voltages across the memristors may be decreased to the
1V range, considerably reducing the phenomenon of read disturb and boosting the overall
reliability. In addition, since the inputs are applied at the gate of the NMOS and each column
is driven by its own current source, there is no coupling between any two column and the
problem of parasitic currents is eliminated.

There are drawbacks associated with this method of implementation, which must be trade-off
against the benefits received in power and reliability. Firstly, the massive chain of RC networks
formed by several bit-cells arranged in series within a column increases the operation’s latency
and is also affected by the magnitude of the column current.

Secondly, this kind of crossbar requires an extra NMOS in addition to the memristor to
perform the required computation, hence increasing the overall area of the circuit. Thirdly, it
can only accept binary inputs since the signals are applied at the gate of an NMOS operating
in the triode/linear region as a switch.

Finally, additional circuits may be required to convert the output voltage into suitable currents
for driving subsequent stages, such as in the case of Spiking Neural Networks.

3.2 Design Overview

MAC

Stage | R Stage Il

—_—

MAC

Current Stage Il

Input
_—

spikes

Output
spikes

MAC unit V/l converter LIF Circuit

Figure 3-4: Overview of the proposed micro-architecture

As shown in 3-4, the design consists of three stages that, when integrated, provide the
micro-architecture for Spiking Neural Networks (SNN) or Binarised Artificial Neural Net-
works (BNN).

o The first stage, known as the MAC unit, is the novel memristor crossbar that performs
the MAC (Multiply-and-Accumulate) operation between the input spikes/binary inputs
(first operand) and the synaptic weights (second operand) and outputs the result as an
analogue voltage.

o The second stage, known as the V/I converter, senses the MAC unit’s output voltage
and transforms it into a linearly proportional current, which is then fed to the third
stage.

o The third and final stage is the Leaky-Integrate and Fire (LIF) circuit, which accu-
mulates the current generated by the V/I converter inside its membrane capacitor and
generates an output spike when the threshold is met. In the case of Binary Neural
Networks, the same can be modified to sample and hold as well as threshold the output
voltages of a layer.

The entire operation constitutes a single inference cycle, and the total latency depends on the
duration of each stage’s settling time. Each stage’s inputs and outputs are expected to have
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a linear relationship, such that the final output is proportional to the number of "on" devices.
"On" devices refer to bit-cells with column current flowing through their memresistive path.

3.3 Stage I: MAC unit
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Figure 3-5: 1% stage: MAC unit

The MAC unit is the novel crossbar column (refer 3.1), which is composed of 64 bit-cells
stacked in series to represent 64 synaptic weights. As depicted in figure 3-5, the bit-cells as-
sume a 2T1R configuration in which an RRAM is in series with an access transistor (NMOS),
and their combination is in parallel configuration with another identical access transistor
(NMOS). Since bit-cells receive complementary input signals applied at their NMOS gates,
only one path in a bit-cell is active at a given time. When the bit-cells/devices receive a
"high" signal at WL or the weighted (RRAM) path is active, they are considered to be "on,"
and vice versa.

The primary objective of employing the 2T1R, configuration in a bit-cell is to counteract the
non-negligible "on" resistances of the access transistors (NMOS). The presence of identical
NMOS in both paths fixes the number of active access transistors in a column at any given
time, since one of the paths is always active in a bit cell. Subsequently, 64 NMOS are always
active in the proposed column, regardless of the input states. Consequently, the combined
resistance posed by the active NMOS in the column remains nearly constant across the entire
operating range and can be treated as a constant offset at the output. This helps maintain
the linear output response of this unit with respect to the number of "on" devices at the
expense of some area overhead. To further maintain the minimal "on" resistance of the access
transistors, low V! (high-speed) NMOS bit-cells are developed.

21



Proposed Design

For the purpose of this work, we utilize the HfO, RRAM model provided by JART (Jiilich
Aachen Resistive Switching Tools), which are currently the providers of one of the most
accurate open source verilog-a models for RRAM [43]. Since the weights are binary for the
scope of our work, the RRAM’s are considered to only exist in one of its two stable high (20
k Q) or low (2 k ) resistance state with a Rf7/Roy, ratio of 10.

3.3.1 Constant current source
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Figure 3-6: Schematic of the constant current source

As discussed earlier, it is necessary to establish constant currents in each column for this
crossbar to function. Figure 3-6 depicts a constant current source that is capable of estab-
lishing a minimum fixed current of 100 nA through the column. It is divided into three main
sections, with the reference circuit designed to generate a 10 uA of reference current from a
bias voltage of 0.5 V, while the driver circuit operates in a sub-threshold regime to appro-
priately scale down the established reference current by a factor of 100, resulting in 100 nA
of current. The driver circuit is repeated for each column, while the reference circuit is only
repeated per crossbar size of 64x64. The current source is intentionally designed to operate in
the sub-threshold regime to not only generate very low currents, 100 nA in this case, but also
to provide maximum voltage headroom at the output, as the PMOS channel currents in this
mode of operation are in an inversely exponential relation with the source-to-drain voltage
(Vsp) across it. Given that the source voltage of the PMOS pair is fixed at 1.1 V, virtually
no change in its drain voltage, which is also the output voltage of each column, affects the
established channel currents. So long as the PMOS does not drive into cut-off mode, it will
continue to maintain the column current over a wide range of output voltages (0-600 mV in
this case).

In order to provide controllability, the driven circuit includes additional sources of current to
step up the column current if the crossbar is not performing as intended at lower currents. The
extra current sources are sized in the ratio 2:3:4 in comparison to the minimum sized current
source in order to generate 200 nA, 300 nA, and 400 nA of current, respectively, when one of
the extra current sources is activated via its switch. Thus, the current can be varied from 0
to 1 uA with a minimum step of 100 nA by appropriately activating the correct combination

22



3.4 Stage Il: V/I converter

of these sources. Note that the transistor lengths here are 120 nm, as opposed to the 40 nm
technology node used in this work. It is done to reduce the impact of the channel length
modulation effect in the reference circuit and to produce a more stable reference current.

3.4 Stage II: V/I converter
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Figure 3-7: Schematic of the V/I converter

As the name suggests, the V/I converter is a linear voltage to current converter. Attributed
to the fact that the newly proposed crossbar outputs the results of a MAC operation as an
analogue voltage, it is necessary to convert this voltage output into a proportional current
required to drive subsequent stages. The triode/linear region of the MOSFET is utilized
to achieve the desired behavior and is a crucial component for the MAC unit. A PMOS
source-to-drain current can be derived as follows:

_ :UJpCOJ:

I
b 2

M (VLV> (Vsa — [Vrnp)* (1 + ApVsp) (3-3)

If the Vgp across the MOSFET is kept constant in some way, then the channel current (Ipg)
is linearly proportional to the applied Vgg, as observed by the equation 3-3. Since the input
voltage can range from 0 to 400 mV, PMOS is a suitable candidate for this application as it
can be maintained in the triode/linear region with the given range of input voltage applied to
its gate while its source node is connected to a fixed high voltage, in this case 1V. Now, the
objective is to stabilize the drain voltage of the PMOS (M,,) at a fixed voltage, which results
in a constant Vgp across M, that is low enough to maintain its operation within the triode
region for the given range of input voltage applied to its gate.

As seen in figure 3-7, this is accomplished by combining the input PMOS with an NMOS
(M,,) in a common source configuration, where the M,, is driven via its gate by a high gain
differential amplifier while its source is connected to GND. The amplifier operates in a feed-
back configuration, where its positive input continuously monitors the drain voltage of M,,.
Due to the high open loop gain of differential amplifiers, it biases the NMOS such that its
positive input, and in effect, the drain voltage of M,, follows its negative input and in turn, the
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reference voltage (V;r). Since a reference voltage of 0.9V is used in this case, it effectively
results in a constant Vgp of 0.1 across M,,. In order to have a minimal offset between the
inputs, the differential amplifiers employed in this application must have a high open loop gain.

This stage’s operation is highly dependent on the functionality of the differential amplifier,
which is designed to stabilise the drain voltage of M, at 0.9V by appropriately biasing the
control NMOS (M,,). However, NMOS based differential amplifiers are typically inefficient at
an input bias voltage of 0.9, which results in a lower gain that is undesirable in this instance.
A lower gain may result in a high offset between the feedback voltage and the reference volt-
age, thereby diminishing the functionality of the V /I converter. Thus, a two-stage differential
amplifier is employed, with the first stage serving primarily to reduce the input bias from 0.9
V to 0.5 V at the expense of a lower gain, while the second stage is responsible for the main
amplification. Utilizing high V; NMOS at the inputs, the initial stage achieves this behav-
ior. In contrast, the second stage maximizes gain by utilizing low V; NMOS at the inputs.
Subsequently, we achieve an overall gain of 87, which is sufficient for our application.
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Figure 3-9: Schematic of the PMOS based DA used as a comparator

The Leaky-Integrate and Fire (LIF) circuit, as shown in figure 3-8, is a standard circuit for
SNN that stores the computed MAC result as charge on a "membrane capacitor" and fires
an output spike when the voltage across the capacitor reaches a predetermined threshold.
Consequently, the LIF circuit requires a constant current input whose magnitude is propor-
tional to the result of the MAC operation, which is then integrated over the capacitor for a
fixed time interval. When a spike is fired, an internal feedback loop in the circuit triggers
the reset switch after a certain refractory time, resetting the capacitor to its initial voltage.
Variable refractory period is achieved by a ring oscillator with alternate inverters that have
tunable Vgg which can be tuned to achieve a particular propagation time and, consequently,
refractory delay. It also employs a refractory switch that isolates the LIF circuit for that
particular time interval from the preceding stages, preventing the accumulation of incoming
currents on the membrane capacitor. A modified D latch monitors the circuit at each time
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step and stores the spike in the event of firing. This spike is retained and read until the
beginning of a new cycle.

3.6 Additional circuitry

3.6.1 Charge pump

A large RC network comprised of multiple RRAMs and MOSFETS in series increases the
latency and energy consumption of the proposed crossbar, causing it to settle to the desired
voltage with considerable delay. This can be circumvented by employing a charge pump, as
shown in figure 3-6 that emits very short pulses of high current (2.5-5 pA). These high current
pulses enable the crossbar to rapidly converge to the expected value, thereby drastically
reducing the latency.

3.6.2 Bidirectionality

This is a key feature of this architecture, since it allows columns to be read in either direction to
address conductance variation due to read disturb. Conventionally, the columns in a crossbar
are coupled to each other, which not only might result in the flow of parasitic currents in
the event of an component mismatch, but also renders the circuit unidirectional, i.e., the
direction of inputs and outputs cannot be altered. Since inputs are applied to the Word Line
(WL) rather than the Source Line (SL), column operations are independent of one another.
Moreover, since each column is driven by its own constant current source, it is simple to
interchange the direction of column operation or column current flow by applying the same
constant current from the opposite direction. Additionally, since the columns are isolated
from one another, the issue of parasitic currents is mitigated.
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4.1 Simulation setup

Parameters Specifications
RRAM Device HfO,[43]
Rof¢/Ron 20KQ /2K
Read Current 100 nA
Number of devices per column | 64

CMOS Technology 40 nm TSMC
Process Corner Typical
Temperature 27°C

Table 4-1: Simulation setup

Results

Table 4-1 lists the design specifications used for our analysis. Simulations are performed using
the HfO, based RRAM model, provided by Jiilich Aachen Resistive Switching Tools (RWTH
Aachen University)[43] and assembled in 2T1R configuration. For our analysis, the RRAM
model only needed to store a single bit of data and was modified accordingly to exist either at
2 KQ (low resistive state representing binary ’0’) or 20K (high resistive state representing
binary ’1’) with a R,f¢/Ro, = 10. The simulations were performed using the TSMC 40nm
technology node, where each crossbar column consists of 64 devices.
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4.2 Simulation results

4.2.1 Stage I: MAC unit

Output Voltage
(mV)

0 4 8 12 16 20 24 28 32 36 40 44 48 52 56 60 64
No. of 'On' Devices

Figure 4-1: DC operating point plot of V,,; (Output Voltage) vs Number of 'On’ devices (bit-
cells) in a MAC unit column

As seen in figure 4-1, the output voltage of the MAC unit is proportional to the number of
’On’ devices, as anticipated. Since each bit-cell has an NMOS in both paths, the cumulative
voltage drop due to the access transistors in the column remains nearly constant for any state
of the input. Thus, the 2T1R configuration helps in maintaining the linearity of the crossbar
output and can be treated as a constant offset error.

Figure 4-2 represents the transient behaviour of the MAC unit for a different number of
’On’ devices. As observed, the output voltages for every state of the input settle by 500 ns,
suggesting a latency of 500 ns for the MAC unit column without including a charge pump.

Figure 4-3 represents the transient behaviour of a MAC unit column using a charge pump.
Initially, two pulses of high current (2.5 uA) were applied, with a pulse width of 5ns and
duty cycle of 12%. Consequently, the latency of the MAC unit column is reduced by order
of magnitude to 50 ns indicating the significance of the charge pump. The settling of output
voltages at a different number of ’On’ devices can be seen distinctively in figure 4-4 where the
transient behaviour of the MAC unit column is shown from 45 ns to 50 ns. As expected, the
voltages safely settle by 50 ns, indicating a latency of 50 ns for the MAC unit column with a
charge pump.
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Figure 4-2: Transient plot of V,,: (Output voltage) vs time for different Number of 'On’
devices (bit-cells) in a MAC unit column without the usage of the charge pump
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Figure 4-3: Transient plot of V,,; (Output voltage) vs time for different
devices (bit-cells) in a MAC unit column with the usage of the charge pump
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4.2.2 Stage Il: V/I converter

24
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Figure 4-5: DC operating point plot of l,,: (Output current) vs Vinyy (input voltage) in a V/I
Converter

Figure 4-5 represents the curve of the final output current (I,,:) with respect to the input
voltage (Vinyy) applied at the gate of the PMOS (M,) of the V/I Converter. As expected,
the output current is quite linear to the applied input voltage, which is crucial to converting
the output voltage of the 15¢ stage (MAC unit) into a proportional current that is further
required to drive the third stage.

Figure 4-6 represents transient behavior of V/I converter at different input voltages. As seen,
all the output currents settle by 10 ns and hence, the latency of the V/I converter can be
considered to be 10 ns. It is more clearly visible in figure 4-7, which depicts the generated
output currents from 10 ns to 14 ns. As expected, the output currents remain stable for the
particular duration verifying the claimed latency of 10 ns.
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Figure 4-6: Transient plot of l,,; (Output current) vs time at different input voltages (V;;,) in
a V/I Converter
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Figure 4-7: Detailed transient plot of l,,; (Output current) vs time from 11 ns to 15 ns at
different input voltages (Vinrr) in a V/I Converter
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Figure 4-8: Transient plot of |. (Membrane capacitor current) vs time at different input voltages
(Vin[[)

The currents generated by the V/I converter are copied to the LIF circuit via the current
mirroring technique, and the resulting behaviour can be seen in figure 4-8. As expected,
the discharge currents generated for the membrane capacitor are almost constant for the
duration it is active, and thus the capacitor is discharged at a constant rate. This can be
further confirmed by figure 4-9, which depicts the transient voltage across the membrane
capacitor, discharged at different input currents for a fixed time interval. As seen, the voltage
reduces linearly as expected and stabilises at a particular voltage level after the discharge
stops, depending upon the magnitude of the current, which in turn, is governed by the input
voltage to the V/I converter.

Figure 4-11 and 4-10 depicts the curve of the Control voltage (Vout;;) and Feedback voltage
(Voltage at the drain of M,,) of the V/I converter respectively. As anticipated, the differential
amplifier applies a bias on the NMOS (M,,) so that the drain voltage of M,/M,, remains
stable at 0.9 V, irrespective of the input voltage applied to the V/I converter. This is crucial
for the operation of the V/I converter in order to keep the input PMOS (M,)) biased to the
triode region and ensure a linear variation of channel currents (Ip) w.r.t to its gate voltage.

33



Results

1100
Input Voltage
—0mV
—40mV
L —80mvV ||
1050 — 120 mV
160 mV
200 mV
240 mV
1000 - 280 mV
320 mV
—360 mV
E —400 mV
& 950 [
S
a s>
2E
o
<) 900 -
1S
[}
=
850 -
800
750 I I I I I
0 1 2 3 4 5 6
Time
(ns)

Figure 4-9: Transient plot of V. (Membrane potential) vs time at different input voltages (V;,)
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Figure 4-10: DC operating plot of Vg, (Control voltage) vs V;,, (input voltage) in a V/I
Converter
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Figure 4-14: Comprehensive transient plots of LIF circuit vs time with no refractory delay i.e.
Vp =11V

Figure 4-14 depicts the flow of the LIF circuit starting from the Enable signal (Enj;r) to
the latching of the output spike (Q) in the event of firing. As seen when the enable signal
switches to high at one ns, a constant current (I¢) is generated across the membrane capacitor
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4.2 Simulation results

depending upon the input voltage to the V/I converter. Consequently, the membrane capac-
itor (C,,), precharged to Vpp (1.1V), begins discharging at a constant rate and continues
to discharge until it reaches the set threshold voltage of 0.5 V. On reaching the threshold
voltage, the output of the comparator (Vocomyp), initially at a high state, transitions to a low
state and this signal is further strengthened by the chain of inverters at the output of the
comparator.

The output of the second buffer (Vo,cfractory) transitions from a high to a low state, which
not only disables the membrane cap discharge but also triggers the reset PMOS (V,eset) to
charge/reset the membrane cap back to Vpp. Moreover, the third inverter (V,,;) transitions
from a low to a high state, which represents the generated output spike, as a result of a firing
event, and is latched into the custom D latch (Q). After the cap voltage is reset to Vpp, the
output of the comparator transitions back to the high state, re-enabling the cap current (I¢),
if any, and hence, normal LIF operation while the output goes back to the low state.
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Figure 4-17: Comprehensive transient plots of LIF circuit vs time with refractory delay of about
8.5 nsie. Vp = 0.6V

Figure 4-17 depicts the flow of the LIF circuit with refractory behaviour starting from the
onset of Enable signal (Enj;y) to the latching of the output spike (Q). When the enable signal
switches to high at 1ns, a constant current (I¢) is generated across the membrane capacitor
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4.2 Simulation results

depending upon the input voltage to the V/I converter. Consequently, the membrane capac-
itor (V¢), precharged to Vpp (1.1V), begins discharging at a constant rate and continues
to discharge until it reaches the set threshold voltage of 0.5 V. On reaching the threshold
voltage, the output of the comparator (Vocomyp), initially at a high state, transitions to a low
state, and this signal is further strengthened by the chain of inverters at the output. The
output of the first buffer (Vo,cfrqctory) transitions from a high to a low state, which not only
disables the membrane cap discharge but also goes on to trigger the reset PMOS (Vyeset) to
recharge the membrane capacitor back to Vpp.

However, in this case, the high-to-low trigger signal from the output of the second inverter
(VOre fractory) reaches the gate of the reset PMOS (V,yeser) with a delay of almost 8.5 ns, set
by changing the Vp to 0.6 V. Thus, the circuit remains disabled until the reset mechanism is
triggered, preventing any accumulation of charges for the time being. On the other hand, the
third inverter (Vo) transitions from low to high state and retain its state until the refractory
period is over. However, since this output signal is latched at its rising edge, the length of
the spike does not affect the operation of the custom D latch (Q). After the end of the refrac-
tory period, the capacitor voltage is reset to Vpp causing the output of the comparator to
transition back to the high state, re-enabling the cap current (I¢), if any, and hence, normal
LIF operation.
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4.3 Comparison

4.3.1 Software setup
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Figure 4-18: Proposed ANN model for comparison

Using the PyTorch library [44], A binary Artificial Neural Network (ANN) is developed over
MNIST dataset [22] in order to compare the state-of-the-art and proposed hardware for ANN
implementation. As seen in Figure 4-18, the network has three fully connected layers where,

e The first layer, i.e., the input layer, consists of 784 inputs, representing the binarised
pixel values of an MNIST image of size 28 x28.

¢ The hidden layer consists of 3136 neurons, and the output of this layer passes through the
RELU function. The resulting outputs are further binarised using a custom threshold
function, and the binarised outputs will then be used as input to the third layer, also

the output layer.

e The output layer consists of 10 neurons representing ten output classes in the MNIST
dataset pertaining to 10 digits from 0-9. Similar to the previous layer, the final layer
also passes through the RELU function, where the neuron achieving maximum output
is the predicted output class/digit.
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4.3 Comparison

The network is trained over binary weights (0.02/0.002) with a high-to-low ratio of 10. This
is done to mimic 1-bit RRAM and keep the system compatible with the presently available
RRAM technology. Since the inputs, weights, and outputs are binary, the threshold function
is approximated as a hard-sigmoid function during training to ensure the availability of valid
gradients. The network is trained over the MNIST training dataset, divided into 128 batches
using Adam Optimiser.

After training for three epochs, the test accuracy achieved by the network is approximately
88.4%. The main reason for training this binary neural network is to keep it compatible with
the proposed crossbar so that it can be used later to draw comparisons.
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Figure 4-19: Proposed SNN model for comparison

A Spiking Neural Network (SNN) is constructed over the MNIST dataset [22] using the
Snntorch library [45] in order to compare the state-of-the-art and proposed hardware for
SNN implementation. As seen in Figure 4-19, the network has three fully connected layers
where,

e The first layer, also known as the input layer, consists of 324 inputs, representing an
MNIST image of size 18x18.

o The hidden layer consists of 81 neurons followed by the Leaky-Integrate-and-Fire (LIF)
activation, which retains the layer’s output at each time step and fires a binary spike
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on reaching the set threshold, which in this case is 0.6.

o Similarly, the third (output) layer consists of 10 neurons, and the LIF activation has
a firing threshold of 0.5, representing the ten output classes corresponding to MNIST
digits.

In order to make the input image compatible with the proposed Spiking Neural Network,
each pixel of the image must be converted into a relevant train of spikes that spans over the
total inference time steps. This is accomplished using a rate encoded scheme (refer section
2.3), while the neuron in the output layer firing maximum times over the course of inference
is considered to be the predicted class.

While trained on the same binary weights (0.02/0.002) as before to mimic 1-bit RRAM and
keep it compatible with the presently available RRAM technology, the network is set to
carry out inference in 60-time steps. To ensure the availability of valid gradients during the
training process, the thresholding operation in LIF activation is approximated by a surrogate
fast sigmoid function [45] while the thresholding function for weights employs the same hard-
sigmoid function as used in ANN training. The network is trained over the MNIST training
dataset, divided into 128 batches using Adam Optimiser. After training the network for three
epochs, the test accuracy achieved by the network is approximately 87.2%.

4.3.2 Hardware mapping

The trained neural network models are mapped to various hardware systems that use mem-
ristor crossbars at the core to carry out MAC operations. The common blocks (colored blue)
are taken from [19] and their relevant parameters are mentioned in the table 4-2.

The comparisons are made between the state-of-the-art conventional crossbar proposed in [16]
and the novel crossbar proposed in this work. Unlike the novel crossbar where the inputs are
given at the word line (WL), the inputs in the conventional crossbar proposed in [16] are given
at the source line (SL), which, in combination with the RRAM weights, leads to a flow of
current in the bit line (BL) of each column that is analogous to a vector-vector multiplication.

However, the work in SRIF [16] modifies the operation of a standard crossbar to enable low-
power operation. It proposes a custom Sample+Hold (S+H) circuit that stabilises the BL
voltage to 0.6 V. In comparison, 0.7 V is used as binary high at the SL, effectively minimising
the read voltage to 100 mV across each RRAM instead of Vpp (1.1 V) in the standard
implementation. This makes it suitable for comparison with this work, as both works target
low power and low energy implementation.
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4.3 Comparison

Power Latency | Area
Component Params Spec
P P (W) (ns) | (um?)
Input Register (IR) [19] Size 256B 230 25 770
Sample and Hold .
(S4H)19] Unit 1 0.0097 0.833 | 0.039
ADC [46] No. of Output | 3060 0.833 | 1500
Bits
SNN:(L1-L2)
- 12700
SRIF based SNlT:?E;g(;L?’)
CrStaI;di,rﬁ(s] Size 64 x 64 ANN:(L1-12) 4.5 136.67
ossba - 22900
ANN:(L2-L3)
- 11500
SRIF S+H [16] Unit 1 6.6 15 30.22
MAC Unit
(based on Size 6464 19.14 50 367.56
novel
crossbar)
V/I Converter Unit 1 26.69 10 29.78
LIF Circuit Unit 1 6.6 2 86.8

Table 4-2: List of component specifications
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Figure 4-20: Proposed hardware setup for implementing the ANN model using conventional
crossbar

As seen in figure 4-20 the input bits are stored in a standard input register (IR), as used in
ISAAC [19]. These bits are parallelly transferred to a grid of conventional crossbars [16], each
being 64x64 in size, having their cumulative weights programmed according to the learnt
weights after training the model shown in 4-18. The grid size depends upon the total number
of inputs and outputs for the particular layer and has been sized accordingly, as mentioned
in the figure 4-20. The resulting currents are then sampled and held using the proposed LIF

43



Results

circuit that is modified to prevent the leaky behaviour. Using the in-built comparator, the
sampled voltage is further binarised against the learnt threshold voltage. This completes one
cycle from layer 1 to layer 2.

The binary outputs from the 1% cycle is now stored in a separate IR for the next cycle. Again,
the bits stored in the input registers are parallelly transferred to a grid of a standard crossbar
proposed in [16], and the resultant currents are sampled and held using a custom Sample
and Hold circuit in [19]. Finally, the resulting voltages are converted into 8-bit digital values
using an 8-bit DAC, proposed in [46], which are further available for post-processing. This
completes one cycle from layer 2 to layer 3.

Layer 1-2 Layer 2-3

(13X64X3136 in-use)

'
"
MAC Unit s | [ comparatr }1 MAC Unit
13X64X64X49 H 49X64X64X1
"
> 1
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O™ Hold 10
(1 in-use) O™ (13X3136 in-use) (3136 in-use) (2in-use) U (49X10 in-use) 10

(49X64X10 in-use)

Figure 4-21: Proposed hardware setup for implementing the ANN model using novel crossbar

In the setup shown in figure 4-21, the flow of implementation remains the same, with several
blocks (coloured blue) being reused from the previous setup. However, the standard crossbar
is now replaced by the novel crossbar (MAC unit) proposed in this work (coloured green),
which is illustrated in figure 4-21. The same is followed by a VI converter (also coloured green)
which converts the output MAC voltage from each crossbar into proportionate currents to
carry out the inference further.

Spiking Neural Network(SNN)
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I- """"""""""""""""""""""""""""""""""""""""""""""""""""""""" l
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Figure 4-22: Proposed hardware setup for implementing the SNN model using conventional
crossbar

As seen in figure 4-22 the input spikes are stored as bits in a standard input register (IR), as
used in [19]. Every time step, these bits/spikes are parallelly transferred to a grid of conven-
tional crossbars, each being 64x64 in size, and having their cumulative weights programmed
according to the learnt weights after training the model shown in 4-19. The grid size depends
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upon the total number of inputs and outputs for the particular neural network layer and has
been chosen accordingly, as mentioned in the figure 4-22. The resulting currents are then
sampled and integrated using the proposed LIF circuit within its in-built membrane capaci-
tor. On reaching the threshold set for that layer, the LIF circuit fires an output spike, which
is stored as a bit in a separate standard IR. With this, one cycle is completed from layer 1 to
layer 2.

Similarly, the binary outputs or spikes generated in the previous cycle are stored as bits in a
separate IR, fed as input to an appropriately sized grid of the standard crossbar that carries
out computations similarly. This constitutes another cycle from layer 2 to layer 3. The
process repeats for 60-time steps, and the neuron in the output layer firing maximum times
is considered the predicted class.

Layer 1-2 Layer 2-3

‘ i ‘
' MAC Unit i H
5X64X64X2 . MAC Unit !
| |
IR 2 VI-Converter LIF o IR 2X64XE4X1 VI-Converter LIF :
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Figure 4-23: Proposed hardware setup for implementing the SNN model using novel crossbar

In the setup shown in figure 4-23, the flow of implementation remains the same, with several
blocks (coloured blue) being reused from the previous setup. However, as depicted in figure
4-23, the conventional crossbar is now replaced by the novel crossbar (MAC unit) proposed
in this work (coloured green). The same is followed by a V/I converter (also coloured green),
which converts the output MAC voltage from each crossbar into proportionate currents to
carry out inference further.

Table 4-3 represents the absolute results per inference for each aforementioned hardware setup.
These values are further used to generate the performance comparison charts as depicted in
figures 4-24 and 4-25 in order to make performance comparisons between the proposed and
the state-of-the-art hardware on implementation of both the proposed neural networks.
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No. of Average
Implemen- cycles Energy | Latency Worst Case Area
. Power 9
tation per (nJ) (us) Power (mW) | (mm?®)
. (mW)
inference
ANN:
Standard 1 69.48 0.0627 1108.3 9840.5 1.71
Crossbar
ANN:
Novel 1 14.62 0.1752 83.45 108.4 1.85
Crossbar
SNN:
Standard 60 44.2 1.22 36 328.3 0.047
Crossbar
SNN:
Novel 60 11.24 7.94 1.41 1.82 0.05
Crossbar

Table 4-3: Performance results (per inference) of the implementation of custom developed neural
networks over standard and novel crossbars
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Figure 4-24: Performance comparison chart on the proposed ANN model
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Figure 4-25: Performance comparison chart on the proposed SNN model

As observed, there is a considerable reduction in average power consumption and energy
consumption for implementing neural networks on the novel crossbar. After achieving almost
13x and 26x reduction in power with the implementation of ANN and SNN, respectively,
the novel crossbar exhibits promising performance over its standard crossbar counterpart
with minimal area overhead. Even though the latency of the novel crossbar is higher than the
state-of-the-art, the former’s overall energy consumption is still lower by around 4-5x on ANN
as well as SNN, indicating the potential use of the novel crossbar in designing neuromorphic
micro-architectures with high power and energy efficiency.

4.3.3 Read disturb

Figures 4-27 and 4-26 represent the extent of read disturb in RRAMs as part of the standard
as well as the novel crossbar. These curves are generated over the JART RRAM model
[43], initially programmed to either 2K (Set state) or 20K (Reset state). Table 4-4 the
simulation parameters for each case.

Initial state | Crossbar Spec

Set (2K() Standard | Vpgeeq =0.4V
Novel Ireqq =400nA
Reset (20K2) | Standard | Vgeqq =0.2V
Novel IRead =200nA

Table 4-4: Simulation setup for Read Disturb
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Figure 4-26: Comparison of extend of read disturb when programmed to 'Set’ state
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Figure 4-27: Comparison of extend of read disturb when programmed to 'Reset’ state

As predicted, the RRAMs used in a standard crossbar experience a considerable read disturb
where their resistance deviates by almost 230% in both cases in the given number of cycles. On
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4.3 Comparison

the other hand, the resistance of the RRAM used in the novel crossbar experiences virtually
no deviation from its initial state. This is important in ensuring the robustness of the system
for prolonged periods.
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Tapeout

5.1 Overview of Chip

To evaluate the efficacy of the proposed microarchitecture, it was decided to continue with
the tapeout of the design to validate the functionality of the design over silicon. Figure 5-1
shows an overview of the chip, which is divided into seven main zones, with various pins, each
of which is explained in the table 5-1.

T
Jll

i I 1
I WA L

Figure 5-1: Overview of the designed chip
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5.1 Overview of Chip

Zone List of Pins Remarks
1 Vop. Vs ' ' Power rails; o
’ 2 pairs available for better power distribution

2 Vout1 Lowt2,Zout3 Analogue Output Pins

3 Vo, Vo, Vin, Vi, VD Analogue Bias Pins

4 Rin1,Vin2 Analogue Input Pins

5 Eijig;f:z%i?g;’z Digital Control Pins

6 So-S5 Digital Address Pins

7 ) Core of the chip, containing novel
crossbar of size 64x64

Table 5-1: Sectional Overview of the Chip (where the pins are listed in a clockwise direction)

The chip was developed utilizing TSMC’s 40nm technology node, and it has a surface area of
Immx1mm = 1mm?2. Within its core, it consists of 64 novel crossbar columns, each of which
contain 64 hard-coded poly resistors, representing 64 synapses. This renders a novel crossbar
of dimension 64 x 64 where each column is equipped with its own V/I converter and LIF
circuit. The primary objective of the chip design was to have controllability and observability
in order to perform measurements. Thus, pertinent circuitry has been developed to first select
the required column and retrieve the analogue signals generated at each stage from the pins
in zone two.

Additionally, certain columns in the crossbar are neither equipped with synapses nor are in-
tended to perform any computation, since their individual stages are disconnected from each
other. The principal objective of these columns is to independently verify the functionality of
each stage, and they are designed such that pins in zone four may be used to provide manual
inputs for each stage. Multiple columns are maintained in this manner in order to ensure the
chip has redundancy in the event that a column or stage fails due to a fabrication or design
setback, as discussed in the section 5.2.

The synapses have been hard-coded and there is no mechanism for reprogramming in order
to keep the chip design within the scope of this work. Moreover, due to the unavailability of
RRAM fabrication technology on the specified technological node, the synapses were simu-
lated using poly-resistors with a set low or high resistance state of 2k and 20k, respectively.

Furthermore, due to area constraints, there was insufficient space to individually control the
crossbar’s inputs. Consequently, all inputs to the crossbar are connected and controlled by
a single pin (WL), resulting in the simultaneous switching of all 64 devices. In order to
counter this, the columns are grouped into pairs of two and the synapses of each pair are
assigned a unique combination of resistances. The predicted outcome from each combination
of resistances may then be utilized to perform the measurements. The purpose of keeping
two sets of synapses for each combination is to have a backup column in the event that one
of the columns experiences a fabrication setback.
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Tapeout

5.2 Design Challenges
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Figure 5-2: Layout of one novel crossbar column

The figure reffig:chip col depicts a crossbar column with five sections. Collectively, sections 1
and 2 represent the first stage (MAC Unit), where section 1 is the synapses and section 2 is
the current source that can generate 100nA-1 pyA of current in 100 nA increments. Section
3 represents the V/I converter, followed by section 4 which contains the LIF circuit. Section
5 displays a portion of the 6-bit Mux-Demux Network, which was developed to select each
column independently. Therefore, the phases are arranged in a bottom-to-top order, and the
challenges encountered in the design of these stages are elaborated upon.

5.2.1 MAC unit

The current source is a critical element for driving the 15 stage (MAC unit) and, based
on simulations, must be able to generate near accurate currents in order to assure accurate
functionality. Nevertheless, mismatches caused by process variation in the PMOS pair, which
constitutes the last stages of the current source, might lead to inaccurate currents. In order
to make them relatively resistant to process variations, the PMOS were divided into their
minimum sizes and arranged using the 1-2-2-1 device mathcing technique.

5.2.2 V/I Converter

Similarly, the NMOS-based differential amplifier used in the 2"¢ stage (V/I converter) is
an essential component to its operation. Consequently, the input NMOS and head PMOS
are matched using the 1-2-2-1 device matching technique to make them resistant to process
variations. Furthermore, the huge tail NMOS is split into minimum sizes and uniformly
arranged in order to limit the variations in its cumulative dimensions.

92



5.2 Design Challenges

5.2.3 LIF circuit

The LIF circuit is composed of analogue and digital circuits that work in tandem to execute
relevant computations. Assuming that the digital circuits are sufficiently resistant to process
variations, the analogue circuits, such as the comparator (PMOS-based differential amplifier)
and the membrane capacitor, must be reliably fabricated to ensure proper functionality. Thus,
the differential amplifier based on PMOS is designed employing the same techniques as in the
previous stage. As MOSFET gates are very susceptible to process variations and voltages
across the them, conventional TSMC MOM (Metal-on-metal) capacitor was used to design
the membrane capacitor instead. In addition, utilising TSMC’s standard digital library, a
custom D latch circuit is designed to monitor and record the spiking event in each time step.
Due to the restricted availability of pins, this latch is designed to self-clear whenever the LIF
circuit is enabled from its disabled state. This saves one pin that would have been required
to transmit a ’Clear’ signal to latch at the onset of every new cycle.

5.2.4 Mux-Demux network

Using the TSMC standard digital library, a 5-bit MUX-DEMUX network is designed and
placed at the top of each row of 32 crossbar columns, spanning from the left-most to the
right-most column. Two of these networks are used to manage the two rows of 32 columns,
and they create a 6 bit Mux-Demux network when combined. This network is equipped
with buffers at certain intervals in order to regenerate the digital signals flowing across the
networks.

In a comparable way, each stage is equipped with buffers to regenerate common digital signals
for the next column after receiving them from the preceding column. The bias lines are made
very thick so that the analogue voltages applied from the right of the chip (Zone 3) is able
to span the length of the core unit (Zone 7) with minimal variation. Additionally, the bias
lines are also equipped with decoupling capacitors, to make the analogue signals resistant to
external noise.
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Conclusion

6.1 Concluding Remarks

In conclusion, a novel low-power CIM microarchitecture has been proposed to accelerate
binary as well as spiking neural networks, which shows promising characteristics to be suitable
for implementation in edge devices. Two custom-trained neural networks are demonstrated,
one of which is binary and the second spiking neural network, both developed over the MNIST
dataset with a test accuracy of 88.4% and 87.2%, respectively. Developed to benchmark
the microarchitecture, the results indicate up to 13x and 26x reduction in average power
in the proposed CIM microarchitecture as compared with a standard crossbar on binary
neural networks and spiking neural networks, respectively. Moreover, approximately a 4x-5x
reduction in energy consumption was achieved with the implementation of BNN and SNN,
respectively. Owing to the promising results, the CIM microarchitecture has been fabricated
on TSMC 40nm technology node to validate its efficacy on silicon against the simulated
results.

6.2 Recommendations for Future Works

Some recommendations have been proposed below

e Using actual RRAM fabrication technology to design the synapses in the chip instead
of poly-resistors.

o Exploring the capability of bi-directionality.

o Exploring RRAM technology which have lower absolute resistances to design the synapses
of the crossbar. This will not only help in reducing the latency of the crossbar but the
column size can also be made bigger.

o Working on an appropriate writing mechanism for the proposed novel CIM crossbar.

o Exploring the scope of online training
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