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Abstract

Memristor-based Computation-In-Memory (CIM) architectures are a genre of emerg-
ing computing designs, and they have the potential to provide a power-efficient compu-
tational power for artificial intelligence (AI). However, current memristor-based CIM
designs face the challenges from non-idealities, such as read disturb. The mitigation
of non-idealities in CIM architectures is an area of active research.

Simulation tools are important design tools for CIM. Conventionally, SPICE sim-
ulations are used for CIM architectures. Modern high-level simulation frameworks for
CIM are faster when compared to SPICE, and therefore it is desirable to investigate the
feasibility of non-ideality analysis, such as read disturb analysis, in high-level simula-
tions. However, current high-level simulators do not include a model for read disturb,
and they are not suitable for read disturb analysis.

To fill this gap, this thesis presents RdaCIM, a read-disturb-aware CIM simulator.
RdaCIM is high-level simulation tool that exploits parallelism provided by multi-core
CPUs and AVX instructions. More importantly, RdaCIM involves the non-trivial non-
ideality of read disturb into the simulations, which makes it possible for the user to
perform read disturb related investigations on the simulator.

Experiments have been done with RdaCIM to show the feasibility of read disturb
analysis on this tool. The effectiveness of a rewriting scheme as a countermeasure
to read disturb is verified on RdaCIM. Furthermore, an effort to reduce the overhead
of rewriting by dynamic voltage adjustment is presented and verified with RdaCIM.
Performance benchmarks have been done to elaborate the benefits of the parallelised
implementation of the simulation tool.
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Chapter 1

Introduction

1.1 Motivation

The growing potentials of[Artificial Intelligence (AD)|have created an increasing demand for
computational power. The |Complementary Metal-Oxide-Semiconductor (CMOS)| technol-
ogy and the Von-Neumann architecture are the cornerstones of modern computing systems,
and the advances in technology and the development of sophisticated computer ar-
chitectures have been supporting the growing need for computing power by [Allapplications.
However, Further shrinkage of technology nodes and the scaling of multi-core sys-
tems would encounter diminishing returns in terms of performance-power ratio [[7][26]. The
ever-growing demands for performance and power efficiency fuels the research in emerging
computing paradigms [[10]. Memristor-based [Computation-in-Memory (CIM)|designs have
shown their potential in the area of edge [Al|l applications [9]. The research into memristor-
based architectures is aimed to tackle the limitations of the technology and
the conventional Von-Neumann architectures by adopting emerging non-volatile memory
devices and a memory-centric design approach [36]].

The reliability of memristor-based computing is an area of active research. archi-
tectures based on emerging memristive devices, such as[Resistive Random-Access Memory|
are prone to non-ideal effects that lead to reduced computational accuracy [36][8]].
One of the major non-idealities is the read disturb, which introduces unwanted changes to
the memory state during read operations [27]].

Simulators are important tools for circuit design [[19], and they are important design
tools for developing reliable systems. In the area of architectures, simulation
tools are available at multiple design levels [17][13]. Traditionally, the research into the
non-idealities in designs often requires simulations at a lower design level, and the
[Simulation Program with Integrated Circuit Emphasis (SPICE)| [18]] is the norm for the
investigations into non-idealities such as read disturb. However, device and circuit level
simulations such as are relatively slower when compared to simulations at higher
design levels, which limits the scale of the circuit under simulation. Therefore, it is desirable
to investigate the feasibility of non-ideality analysis on simulation tools that are not based
on [SPICE]
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1.2 Problem Statement and Research Questions

The non-idealities in architectures affect their computational accuracy. While investi-
gations into non-idealities are conventionally conducted on[SPICE}based simulations, these
conventional simulation tools are slow and hard to scale up. Recently developed high-level
simulation tools for are parallelisable and more flexible, which allows faster simula-
tions and a better user experience. They incorporate models of non-ideal effects in their
designs to produce simulation results that are more resemblant of the reality. Although
most of current high-level simulators involve non-idealities such as device variability and
the non-infinite ON/OFF ratio in their implementations [[13[], few of them has an emphasis
on read disturb in their design, which makes it difficult to perform analysis of the impacts
of read disturb on these platforms.

Due to the limitations of current high-level simulation tools in terms of the modelling
of non-idealities, a new simulation tool is needed to verify the feasibility of high-level sim-
ulations for the analysis of read disturb.

Considering the challenges in current simulation tools for CIM, the following research
questions are proposed to navigate the investigation:

1. Is it feasible to perform analyses of read disturb on a CIM simulation tool that is not
based on SPICE?

2. What are the benefits brought by a parallelisable implementation of simulation tool
in terms of speed and scalability?

1.3 Contributions

Considering the limitations of conventional simulation tools in terms of speed and
flexibility, and the limitations of current high-level simulation tools in terms of read dis-
turb analysis, this work attempts to address the gap by presenting RdaCIM (Read-Disturb-
Aware Computation-In-Memory Simulator). RdaCIM is a high-level simulator that incor-
porates modelling of read disturb without SPICE-based simulations, and the simulations
on RdaCIM are parallelised with [Single-Instruction-Multiple-Data (SIMD)|instructions and
multi-threading, which allows for simulations at larger scales within a reasonable execution
time.

In order to verify the feasibility of read disturb analysis without the use of SPICE-
based simulation tools, a cell rewriting scheme and a dynamic voltage adjustment scheme
are deployed in simulations on RdaCIM. An analysis of the dynamic voltage adjustment
scheme is performed, and the frequencies of necessary cell rewritings are recorded.

Performance benchmarking is done to demonstrate the benefits brought by parallelisa-
tion to the simulation tool, and it shows the importance of a parallelisable implemen-
tation of simulation tool in face of simulations at large scales.

The contributions of this work can be summarised into the aspects listed below.
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1.4

. The implementation of the RdaCIM simulator, a parallelised high-level simulator

for memristor-based computation-in-memory accelerators with considerations of read
disturb.

An investigation into a dynamic voltage adjustment scheme that reduces the overhead
of cell rewriting as a counter-measure against read disturb.

. The verification of the feasibility of non-ideality analysis on a parallelised high-level

simulation tool.

. A performance analysis of the proposed simulation tool under different levels of par-

allelism.

Thesis Structure

The remaining parts of the thesis are structured into five chapters. In the back-
ground of this work is given, which includes an overview of memristors, non-idealities
of read disturb and its mitigations, and current simulation tools for[CIM] In[chapter 3|
an overview of several modern simulation tools are given. In the details
of the implementation of RdaCIM are explained. In results from experiments
regarding the verification of the dynamic voltage adjustment scheme are discussed. The
performance benchmarking of RdaCIM is reported. Chapter [6| concludes the thesis by an-
swering the research questions, discussing the limitations of this work, and providing an
outlook for potential work in the future.







Chapter 2

Background

2.1 Memristors and CIM

The concept of memristors was first introduced by Leon Chua in 1971 [6]. It was defined
as an electrical device whose resistance is decided by the history of the current running
through the device. The discussion around memristors remained theoretical until Strukov
et al. made the first memristive device in 2008 [30]. Though there has been a debate on
whether such semiconductor devices are so-called “real memristor devices” [34], the term
“memristor” has become an umbrella term for devices with a programmable resistance.

is an example of a memristive device, as its resistance can be manipulated by

applying an external electric field [35]]. [Figure 2.T]illustrates the conditions of RRAM]cells
in|[Low Resistance State (LRS)|and [High Resistance State (HRS)]

Conductive Ruptured (
i ] > Conductive ———>» "
Filament !
Filament
. Oxygen

Atom
Oxygen
Vacancy

Figure 2.1: Conductive filaments in RRAM cells

The oxygen ions from the metal oxide in an RRAM]|device may migrate under an ex-
ternal voltage, and the oxygen vacancies left in the oxide would form conductive filaments

within the cell, which leads to an [LRS]|state, as illustrated in
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Figure 2.2: Switching from HRS to LRS in RRAM cells

When applied a voltage with a reversed polarity, the oxygen ions may migrate back
to the vacancies and destroy the conductive filaments, which leads to an @ state, as

illustrated in

N
v

A e = N
¥ Yo Oxygen
'Y < lon

Conductive ) Ruptured
i B ~ <—1— Conductive
Filament N
Filament
~ Oxygen
-~ Atom

Oxygen
Vacancy

LRS HRS

Figure 2.3: Switching from LRS to HRS in RRAM cells

In this way, the resistance of an[RRAM]cell can be programmed, and the information
is stored as the resistance states of the cells. It is worth noting that an [RRAM] cell may be
programmed into more than two states. A [Single-Level Cell (SLC)|is programmed into at
most two states, while a [Multi-Level Cell (MLC)| allows more levels of resistance states.
The data stored in aRRAM]|cell can be read by applying a read voltage that is smaller than
the programming voltage, and the resulting current differs according to the resistance state
of the cell. Though writing to and reading from the cells require applying voltages
on them, the retention of data does not require an external energy supply, and therefore
RRAM]is a form of non-volatile memory.

Memristor devices such as are the building blocks for a genre of architec-
tures for Al [36] [9].

6
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DAC

DAC

Digital
Inputs

DAC
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DAC

VAN VN VIR IR |

ADC ADC ADC ADC ADC
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Digital
Outputs

Figure 2.4: A CIM crossbar array

(a) BNN weight and input vector

(b) Mapping BNN weight to CIM crossbar

Figure 2.5: Mapping of a neural network onto a CIM crossbar array. Source: [9], ©2023
The Authors. Published by Elsevier Ltd. Under the terms of the Creative Commons
Attribution-NonCommercial-No Derivatives License (CC BY NC ND).

[Figure 2.4]illustrates a crossbar array of a mixed-signal [CIM]architecture, and[Figure 2.3

illustrates the mapping of a neural network onto a the crossbar array. The weights of a neural
network are programmed into the the memristor cells in the array as resistance states, and the
digital inputs are converted into voltage levels by a|Digital-Analogue Converter (DAC)| The
input voltages are applied on the memristor cells, and the resulted current from each cells

7
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would be the product of multiplying the input voltage and the conductance of the cells. Due
to [Kirchhoff’s Current Law (KCL)| the total amount of current flowing through a column
would be the sum of the current flowing through each of the cells in the column. In this way,
each column of the array calculates a weighted sum in analogue, and the weighted sums are
converted back to the digital domain through an|Analogue-Digital Converter (ADC)| This
implementation allows a large scale of parallelism while avoiding a large [Input/Output (I0)|
footprint.

2.2 Challenges for Memrister-based CIM

The benefits of memristor-based mixed-signal implementation are not without costs.
Designs of this genre can be affected by non-idealities in the memristor cells or the circuit,
and these non-idealities lead to a reduced accuracy of computation [8][32]. Examples of
major non-idealities caused by non-ideal memristor cells include variation [20], non-zero
Gin [4], conductance drift 2], and read disturb [27].

2.2.1 Variation

When writing to a cell, the actual conductance resulted from the write voltage may deviate
from the desired value, and the resulted conductance may vary from device to device and
from cycle to cycle.

Device-to-Device Variation

01 5 L] L} L L] L T
(b) Vread =05
After 125°C bake

0 60 D 100 1 .
Current [uA] Current [uA]

Figure 2.6: Distributions of read current obtained from cells programmed to five resistance
states in an RRAM array. (a) Distributions after programming. (b) Distributions after an-
nealing at 125°C for one hour. Source: [20], ©2021 IEEE.

The device-to-device variation is the effect that different memristor cells in the array
may exhibit different switching behaviours when applied the same writing pulses of weiting
voltage. It leads to differences in the resistance of the cells that are programmed to the same
resistance state.



2.2. Challenges for Memrister-based CIM

illustrates the distributions of read currents measured by Pedretti et al. [20]]
from different cells programmed to five resistance states in an[RRAM]array. The resistances
of the cells are modelled with the Gaussian distribution by Pedretti et al. As is shown in
the figure, the distribution of the resistance of a cell in a certain state may overlap with the
resistance of another cell in a different state.

Cycle-to-cycle Variation

a} 5 1 151 T "5 1
I Expenmental Current
-} = Median Current

i y

-3

=

1)

£

O

-1.5 -10 -05 00 05 1.0 1.5
Applied Voltage (V)

Figure 2.7: Experimental I-V curves: 450 cycles and median curve. Source: [25], ©2021
The Authors. Published by Elsevier Ltd. Under the terms of the Creative Commons CC-BY
license.

The cycle-to-cycle variation is the effect that the same memristor cell may not reach the
same resistance every time when it is programmed under the same writing voltage pulse.
In order to ensure an accurate computation, write-read-verify schemes are often in place
to compensate for the effects of variations. In the current-voltage relation of
an RRAM device measured by Salvador et al. [25]] is illustrated . It can be observed that
current-voltage relation varies for each cycle of voltage sweep.

2.2.2 Non-zero G,

The lowest possible conductance (G;,) of the cell is not zero, which means that the cell
would allow current flowing through when applied a voltage even if the cell is programmed

as a zero weight [4] [3]. illustrates an example of an error caused by non-
zero minimum conductance of the cells. Ideally, multiplication with a zero weight should

produce a zero product, but non-zero G,,;, may cause inaccurate results in this scenario.

2.2.3 Conductance Drift

The conductance of a memristor cell may not always stay the same after being programmed.
Time and temperature may lead to a change in the conductance of the cells. In

9
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Digital Computation

Weight to conductance mapping

Digital Weight

Conductance

CIM Computation

1 =(X) (Weight)
(Input)
00 Gin

o1 Gg,
0, 00 1 10 Gy
11 Gma)(

®
. V L
1 o Input to voltage mapping m_._%\lz

Digital Input Voltage Gyo
10 " 0 0
1 \'A
101

in
Iout = Il + Ierror + Iz

Output: Output: Convert I, to digital

(101)2 = (5)10 = (110)2 = (5)10

Figure 2.8: An example of error due to non-zero minimum conductance. Source: [3]],
©2023 IEEE.

99.99F ! ; ! . - 99.99F ’ L J -
99.91-(a) o2 %1 9s9r(b) .
99| 4 et -
90k LRS il ookHRS i
0\0 (o] "ECTITIIIITTS Tlme _ o\o [{1] D" A .
0 10s, 25°C
10F ilo 60s, 25°C 101 7
1 i|o 4200, 125°C 1
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01F ¢ i[o 10°s, 25°C 0.1 : .
0.01F 1 ' 1 ] T 001 1 L 1 ]
100 10t 10° 10° 107 10° 10° 10* 10° 10° 107 10°
RIQ] RIQ]

Figure 2.9: Distributions of resistance of cells in an RRAM array at different time and
temperature. Source: [1], ©2015 IEEE.

changes in the distributions of resistance of RRAM cells measured by Ambrogio et al. [1]]
suggest that the resistance of [LRS|cells gradually increases, and the resistance of [HRS|cells
gradually decreases as a result of increasing time.

2.2.4 Read Disturb

Read disturb is the effect that voltages applied on the memristor cells during read operations
may introduce unwanted changes in the states of cells. For memristor-based [CIM] imple-
mentations of [Al|inference engines, the weights of the neurons are stored in the memristor
cells as resistance states. During operations, the input voltages are applied to the cells every

10
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read cycle, and these external voltages may lead to undesired changes in the resistance of
the cells and a reduced accuracy.

Effects of Voltage-Induced Conductance Change

In the study by Li et al. [15]], the changes in the resistance of the cells under pulses of
voltages are measured. In the results shown in the cells are programmed to
states initially, and after applying a number of voltage impulses, the resistance of the
cells tends to decrease and in some cases become indistinguishable with [CRS|

-
[=}
o

] —v—Vpulse = 0.7V
== Vpulse = 0.8V
—o— Vpulse = 0.9V
i —o— Vpulse = 1.0V

—

10" 10° 10° 10" 10°
Pulse number

Resistance Ratio (R/R )
>

Figure 2.10: HRS disturbance under consecutive pulses of various voltages with fixed 100
ns pulse width. Source: [15], ©2014 IEEE.

In a different set of results shown in the cells are programmed to

initially and applied a number of consecutive voltage pulses that have a reversed polarity
than their programming voltage. The resistance of the cells tend to increase after a number
of pulses.

'8l —- Pulse height = -0.7V
@15} - Pulse height = -0.8V
14 12| -o- Pulse height = -0.9V
\8 o -0~ Pulse height = -1.0V
5 Multi-level disturb
”n 6k
©
[}
£ 3t
m 27:- ‘:\‘-‘:‘A—‘:\tf :;\ » A\AR -“A‘
ot NV

10° 10° 10" 10°
Pulse number

Figure 2.11: LRS disturbance under consecutive pulses of various voltages with fixed 100
ns pulse width. Source: [15], ©2014 IEEE.
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Impacts of Read Disturb on Memristor-based AI Implementations

Researchers have investigated the effects of read disturb on memristor-based CIM acceler-
ators for AL In a study by Shim et al. [27], the effects of read disturb on the accuracy of
neural networks deployed on CIM architectures are evaluated. The changes in the inference
accuracy of a VGG-8 [29] neural network with the CIFAR-10 dataset is illustrated in
It can be observed that the inference accuracy of the network drops significantly
after the cycle of read operations reaches a certain threshold, and that a higher read voltage
leads to a sooner deterioration of accuracy.
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Figure 2.12: (a) The VGG-8 network architecture. (b) Impacts of read disturb on inference
accuracy with CIFAR-10 data set. Source: [27]], ©2020 IEEE.

Mitigations to Read Disturb

Since read disturb introduces errors to memristor-based CIM systems, countermeasures
have to be in place to sustain the accuracy of computation. Periodic rewriting of the cells
is often in place as a countermeasure to read disturb [28]][16]]. However, the period and the
scope of rewriting have an impact on the performance and the power consumption of the
design. A higher frequency of rewriting brings higher overheads.
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2.2. Challenges for Memrister-based CIM

Offline phase Online phase
X2 DNN model =™ Refreshoycle | i i Refresh | Selective
% HW config. =] profiler i i | controller refresh module

6%\ Refresh-optimized
\_®/J ReRAM-based DNN Accelerator

Figure 2.13: An overview of the framework proposed by Shin et al. Source: [28], ©2022
Association for Computing Machinery.

In order to minimise the overhead of rewriting, Shin et al. [28] proposed a framework
that divides the cells into different groups and sets the cycles for rewrites according to the
conductance states of the cells and the input voltages applied on the cells. An overview of

the framework is shown in
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Chapter 3

Related Work

While conventional simulation tools for [CIM] are based on [SPICE] researchers have pre-
sented modern simulation frameworks that are capable of performing simulations at a higher
level. These tools are developed with modern software engineering techniques, and they
provide [APIs in modern programming languages [13]. MemTorch [12], IBM analog hard-
ware acceleration kit [24]], and NeuroSim [3] are examples of modern CIM simulation tools.
These simulation tools are parallelisable, and they benefit from a|Graphics Processing Unit]
They can be integrated with Pytorch or Tensorflow to perform simulations with
neural networks. Some of these tools have an analogue layer that incorporates models of
memristor devices. These models of memristor add non-idealities into the process of simu-
lation, which makes it possible to produce results that are resemblant to reality. This chapter
mainly discusses recent simulation tools in terms of their capabilities of non-ideality mod-
elling.

3.1 MemTorch

1. Define and train, or import a pretrained torch.nn.Module 2. Convert a DNN to a MDNN
‘memtorch.mn.Module.patch_model()
w
vuvoz=g 32 5
U 3338473 S3
8885928 Sn
ODE
s's2 888 &
Module Parameters to Patch 8538332 : §
PyTorch Model module_parameters_to_patch=[torch.nn.Linear] FIELEER 3 E s
888553y 2
Define a PyTorch Model Memristor Model blay8ulE 332 H
class Model(torch.nn. Module): reference_ bh.m _pKy S8¢232R% 33 A
reference_memristor_params={'time_series_resolution': 1e-9, Lo oS L g5
def _init_(self): 'r_on': memtorch.bh.StochasticParameter(1.ded, std=1e5, min=2), 33 S T
super(Model, self). _init__() 'r_off': memtorch.bh.StochasticParameter(Se7, std=2e5, min=1)} el @ o
self.layer = torch.nn.Linear(in_f , out_f &5 g
torch.nn.init.xavier_uniform_(self. i Crossbar Configuration 35 ]
scheme=memtorch.bh.Scheme. DoubleColumn " s
def forward(self, input): transistor=Fase R 3
return torch. functional.F.softmax(self.layer(input)) tile_shape—(128, 128) 4
5 ADC_resolution=8
Train a PyTorch Model ADC_overflow_rate=0.
for epoch in range(epochs): quant_method="linear'
model.train() >
for batch_idx, (data, target) in enumerate(train_loader): ‘Mapping Routine S s
data, target = data.cuda(), target.cuda() mapping_routine=memtorch.map.Parameter.naive_map ER h
optimizer.zero_grad() gd2 3
output = model(data) Programming Routine =&8 8
loss = criterion(output, target).backward() ing_routi h.bh.crossbar. ive_program < s
optimizer.step() 3
-OR- Input Scaling
max_input_voltage=0.15
Import a Pretrained PyTorch Model <
model = Model() RIS
model = torch.nn.DataParallel(model)
model = model.load_state_dict(torch.load(‘trained_model.pt'), strict=False) —-tg
Memristor Model Parameters Input Voltage Scaling Parameter Non-ideal Device Characteristics

Figure 3.1: An illustration of an example of workflow on MemTorch Source: [12], ©2022
Elsevier B.V.
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3. RELATED WORK

MemTorch [11][[12]] proposed by Lammie et al. is an example of modern simulation tool
that does not rely on [SPICE}based simulations. While MemTorch is developed in C++,
CUDA, and Python, a Python interface is provided in the framework. Low level operations
in the framework are hidden under abstractions and the use of [APIs. The framework can be
integrated with Pytorch or Tensorflow, which makes it easier to deploy the neural networks
onto the simulator. An illustration of the workflow on MemTorch is shown in[Figure 3.1]

The modelling of memristive devices and their non-idealities is an important part of
modern[CIMlsimulation frameworks. A module of MemTorch introduces four non-idealities
related to memristive devices into the process of simulation, and they are variability, finite
number of discrete conductance states, stuck-at faults, and non-linearity of the device.

Device-to-device and cycle-to-cycle variabilities are modelled stochastically in Mem-
Torch. Finite number of conductance states is simulated by quantisation of the resistance
states. Some devices are chosen randomly to be stuck at [HRS] or [LRS] in order to simu-
late stuck-at faults. The non-linearity of I/V characteristics of devices are modelled with a
[Look-up Table (LUT)|

However, MemTorch assumes negligible change in the conductance of the devices dur-
ing read cycles by default, which makes it infeasible for read disturb analysis.

3.2 IBM Analogue Hardware Acceleration Kit

4

yoloj Ad

» > >
i Analog zh, |2k | Analog a Analog
<
Conv2d > 3 Conv2D > < Linear >

I

Tile Analog RPU .
module = tile Configs !
Logical MVM Single physical All HW defining H
engine (weight MVM crossbar settings '
matrix size) with periphery |
i

I

Python to C++ bindings | =y

I

|

I

|

|

I

I

|
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Figure 3.2: An illustration of the code structure of IBM Analogue Hardware Acceleration
Kit. Source: [24], ©2021 IBM Research.

The IBM Analogue Hardware Acceleration Kit [24] is a simulation toolkit targeting neu-
ral networks deployed on analogue crossbar arrays, which is the case of memristor-based
[CIM] The simulation toolkit is interoperable with PyTorch, and the simulations benefit from

16



3.3. DNN+NeuroSim V2.0

CUDA implementations and [GPUk. The analogue layer of the simulation toolkit introduces
the analogue properties into the simulations, which brings non-idealities into consideration.

The code structure of the toolkit is illustrated in [Figure 3.2]

By default, the IBM Analogue Hardware Acceleration Kit adopts models for
[Change Memory (PCM)|devices and metal-oxide RRAM]|devices. PCM|devices are another
genre of memristor cells with programmable conductance [14]]. For the two genres of mem-
ristor devices, variations during programming, conductance drift after programming, and
read noise are modelled with statistical models. It is worth noting that read noise is not the
same as read disturb, as the read noise is an instantaneous fluctuation rather than a change
to the conductance states of the cells.

3.3 DNN+NeuroSim V2.0

The DNN+NeuroSim V2.0 [22] is developed on top of DNN+NeuroSim [21] and Neu-
roSim [3]]. The simulation framework has two part, the python wrapper and the NeuroSim
core. When compared to MemTorch and the IBM Analogue Hardware Acceleration Kit,
the uniqueness of DNN+NeuroSim V2.0 is that the NeuroSim core provides an estimation
of the hardware in terms of area, latency, and energy consumption. The structure of the
simulator is illustrated in [Figure 3.3] A data retention model is utilised to predict the effect
of conductance drift. Nonlinearity, cycle-to-cycle variation, and device-to-device variation
are also modelled.
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Figure 3.3: Framework structure of DNN+NeuroSim V2.0. Source: [22], ©2021, IEEE.
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3. RELATED WORK

3.4 Comparison of Non-Ideality Modelling Support

The support for non-ideality modelling in MemTorch, the IBM Analogue Hardware Accel-
eration Kit, and the DNN+NeuroSim V2.0 is summarised and listed in

MemTorch IBM toolkit DNN-+NeuroSim V2.0

[12] [24] [22]
Variability Supported Supported Supported
Stuck-at Faults Supported Not Supported Not Supported
Read Disturb Not Supported Not Supported Not Supported
Conductance Drift Not Supported Supported Supported
Random Telegraph Noise Not Supported Supported Not Supported

Table 3.1: Comparison of non-ideality modelling support

It can be observed that the simulation frameworks have varying degrees of support for
non-ideality modelling. However, none of them incorporates read disturb in the design.
Therefore, a simulation framework that involves the modelling of read disturb is needed in
order to verify the feasibility of read disturb analysis on high-level simulation frameworks.
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Chapter 4

RdaCIM: Read-Disturb-Aware
Computation-In-Memory Simulator

4.1 Overview

The proposed RdaCIM simulator is a simulation tool for memristor-based in-memory com-
putation. The uniqueness of RdaCIM is that it incorporates the effects of read disturb into
the process of simulation. As mentioned in read disturb is a non-trivial non-
ideality of memristor cells that has a negative impact on the computational accuracy, and
it often requires proactive measures to mitigate. Periodic cell rewriting is a common coun-
termeasure to read disturb, but it introduces overhead into the system. The incorporation
of read disturb and its countermeasures makes the simulation results more resemblant to
the reality, and this new feature provides a possibility for the users to perform analyses of
read disturb and its countermeasures on a high-level simulation platform that is not based
on[SPICE

Initial

Input Vectors Memristor
States

States of L Read Disturb

Simulated N o
DAC Memristor Monitoring and

>< Cells Mitigation

Vector Read Disturb
Configuration Multiplications Calculations
File
Simulated Output Ideal Results
ADC Comparisons Calculation
Output

Vectors Errors in Outputs

Figure 4.1: Components of RdaCIM and the data flow
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4. RDACIM: READ-DISTURB-AWARE COMPUTATION-IN-MEMORY SIMULATOR

The RdaCIM simulator is implemented in C, and it is made up of several modules.
An overview of the software is illustrated in The simulator reads from three
files that contain the input vectors, initial states of the memristor cells, and the configured
parameters for the simulation. The input vectors go through a simulated [DAC] and the
integer elements of the vectors are converted into voltages as floating-point numbers. The
voltages are multiplied with the conductance values of the memristor cells, and the sums of
the products go through a simulated[ADC|and are converted back into integers. During this
process, the conductance values of the memristor cells may deviate according to the history
of reads and input voltages, which resembles the read disturb effect. The mitigation schemes
targeting read disturb is also implemented. The conductance of the cells is monitored during
each cycle of simulation, if a certain level of degradation is detected, the software would
rewrite the cells with their initial conductance values or to adjust the output voltages of the
[DAC] The output vectors are compared with ideal outputs calculated from the input vectors
and initial states of memristor cells in software.

In the rest of this chapter, different aspects of the implementation of RdaCIM will be
discussed in detail.

4.2 Software Design of RdaCIM

4.2.1 Configuration File

As illustrated in RdaCIM accepts a configuration file that contains the param-
eters for the simulation. The TOML [23] format is chosen for RdaCIM, and the library
tomlcl7 [33] is used to parse the TOML files. An example of a configuration file is illus-
trated in Listing T}

The configuration file is parsed when RdaCIM starts, and the software begins to load
the information of the input voltages and the initial states of the cells from other files. The
dimensions of the array, the conductances of the cells in[HRS|and [LRS] and the parameters
of the[DAC|and [ADC]are set according to the configuration file.

4.2.2 Crossbar Array

In a CIM architecture, the crossbar array is where the data is stored and where the compu-
tation takes place. The crossbar array consists of memristor cells and the peripheries. In the
software design of RdaCIM, a data structure is designed to keep a record of the states of the
memiristor cells, and two functions are used to simulate the behaviours of [DACk and [ADCk.

Data structures are an important aspect of the implementation of RdaCIM. The infor-
mation of memristor cells is stored in C structures, as illustrated in Listing 2| The field
conductance keeps a record of the current conductance of the memristor cell, and it is
involved in the vector multiplications that produce the output arrays. The other three fields
facilitate the simulation of the read disturb effect, which is further discussed in
The memory space for an array of these structures is allocated on the heap by calling the
malloc() function. Before the start of a simulation, the array is initialised with the data that
is read from the file that contains the initial states of the cells.
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Listing 1 An Example of TOML Configuration File

[file]
input_volts = "input_voltages.txt"
input_cells

"input_cells.txt"

output_sums "sum_per_column.txt"

output_errors = "error_per_column.txt"

[array_ size]
num_col = 300
num_row = 100

[rram_ states]
resistance_high = 100.0
resistance_low = 2.0

[dac]
in_bits =1
min_out = 0.0
max_out = 0.4
[adc]

out_bits = 10
min_in = 0.0

max_in = 204.6
initial offset = 0.0

Listing 2 C Structure for a Memristor Cell

struct MemristorCell

{
float initial_conductance;
float conductance;
float prev_voltage;
unsigned num_read;

4.2.3 Simulation of Periphery

The [DAC] converts the integers from an input array into voltages represented in floating-
point numbers, and the [ADC] converts the results of vector multiplications from currents

into integers.

The maximum possible input of the is decided by the number of input bits con-
figured for the [DAC] as shown in where n is the number of input bits of the
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4. RDACIM: READ-DISTURB-AWARE COMPUTATION-IN-MEMORY SIMULATOR

Input,e =2" —1 4.1
The relation of the inputs and outputs of the [DAC|is shown in where

Out putyq and Out put,y;, are the maximum and minimum outputs of the[DAC| and Input,qx
is its maximum possible input.

Out put,,qx — Out put,y,;
Out put = Input x Pllmax Pllmin + Out putyip, 4.2)
Input,,,

The maximum possible output of the [ADC|is decided by the number of output bits
configured for the [ADC] as shown in[Equation 4.3] where n is the number of output bits of
the[ADC

Out putyg, = 2" — 1 4.3)

The relation of the inputs and outputs of the is shown in [Equation 4.4] where
Inputyq, and Input,,;, are the maximum and minimum inputs of the and Out put
is its maximum possible input. The Of fset is a constant that can be configured before the
simulation.

Input — Input,,;
OI/tl‘pl/tl‘ _ L npu nputmin

X Out putygy + O f fset | 4.4)
Inputmax - Inputmin

4.2.4 Implementations of Vector Multiplications

The vector multiplications are at the core of the simulation. During each cycle of simulation,
an input vector is multiplied with all the columns of the array. The integer elements of the
vector are first converted into voltages through the [DAC| function, and the floating-point
voltage values are multiplied with the conductance values stored in the array. The products
of the vector multiplications, or weighted sums, correspond to the currents in the
hardware. The theoretical currents are converted into integers by the[ADC]function, and the
results are stored and outputted.

Parallelism with OpenMP and AVX

The vector multiplications contribute significantly to the execution time of the simulation.
Therefore, a parallelised implementation is desirable for faster simulations, and it allows
simulations at larger scales within a reasonable runtime. A more detailed performance
analysis is reported in

Within each cycle of simulation, the vector multiplications are accelerated with OpenMP
and [Advanced Vector Extensions (AVX)|intrinsics, which parallelises the programme with
multi-threading and instructions. The operations between each column of the array
and the input vector are distributed among different [Central Processing Unit (CPU))| cores,
and the operations between each element of the input vector and each element within each

column are done in groups with[AVX]instructions, as illustrated in

22
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Figure 4.2: Parallelised vector multiplications

contains a detailed implementation of a sequential version as the baseline.
Details of a column-based parallelisation using OpenMP is in|[Appendix B} In[Appendix C|
is an implementation that utilises both OpenMP and AVX intrinsics, as illustrated in
ure 4.2)

4.3 Read Disturb Simulation in RdaCIM

4.3.1 Incorporation of Read Disturb into RdaCIM
Modelling of Read Disturb

The consideration of read disturb is a unique feature of RdaCIM. In order to incorporate
the effect of read disturb into the simulation, a fitting model proposed by Su et al. [31] is
adopted in RdaCIM.

It is worth noting that the read impulses do not have the same impact on both [LRS|and
[HRS] states, because the read voltages always have the same polarity, and the polarity is
either the same as the set voltage or the reset voltage. In the work by Su et al. [31], the read
disturb under the @] state is modelled. In this case, it is assumed that the read voltages
would affect the cells in states, and their conductances would tend to decrease under
the influences of read voltages.

The fitting model developed by Su et al. [31] can be divided into two stages, as illus-
trated in In the first stage, the conductance remains stable at its initial value
Gy. After the number of reads N reaches a threshold N, the model evolves into the second
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Initial Viepq | 0.3

Go 500

o 24.0

to 1000

1o 0.1

s 0.25

cl 0.017

(04 0.07

kg 8.617333262 x 107
T 300

Table 4.1: Example parameters for the read disturb model

stage where the conductance follows an inverse power-law.

describes the threshold for the number of reads beyond which the conduc-
tance starts to change, where #, is the length of the read pulse, fy is the point where the
extrapolations of the traces of the conductance in the second stage intersect, :‘—g and s are
parameters derived from measurements and fitting.

The parameter p is described in where the ¢; and o are constants derived
from measurements, and kg7 is the product of the Boltzmann constant and temperature.

G(N) _ GO, for N < NT<Vread;GO)7 (4 5)
Go-NJ-N=P, for N > Nr(Viead, Go). '
oV,
p=cp-exp < |kBr;fd|> 4.6)
1
1, P 5 _
Ny = 2. (no> Gy 4.7
t(,) (&)

An example of the modelled behaviour of read disturb is illustrated in The
parameters used in the example are listed in [Table 4.1} The example fitting parameters are

the same as the ones published by Su et al. [31], except for in [Equation 4.7, which is

not provided in their publication. The value of ”0 is estimated by comparing the reproduced
curves in MATLAB and the curves published by Su et al.

Considerations for Variable Read Voltages

In the work by Su et al. [31], the read voltage is assumed to be the same for all read
operations. However, memristor-based systems may have different voltage levels as
inputs, and the read voltages applied to the memristor cells can vary.

An assumption about the behaviour of read disturb under multiple voltage levels is
made, and it is described by G'(N,V) in Suppose V,euq at N =0 is Vj, and
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Figure 4.3: Modelled read disturb under example conditions

Vieaa at N and N + 1 are Viy and V| respectively.

{G’(O,Vo) =G(0,V), (4.8)

G'(N+1,Vyy1) =G'(N,Vy) =G(N,Vyny1) +G(N+1,Vy11).

An example of the behaviour of read disturb under this assumption is illustrated in
It is under the parameters listed in with a change in V., from 0.3V to
0.25V at the 10000th cycle.

Conductance(S)

. . .
100 10! 102 10° 10
Number of Reads

Figure 4.4: Modelled read disturb under example conditions with a change in V.., at
10000th cycle

4.3.2 Read Disturb Mitigation in RdaCIM

Rewriting

Since read disturb introduces unwanted changes to the states of the memristor cells, it is
necessary to implement a countermeasure. Periodic rewriting is often in place to sustain
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Figure 4.5: Rewriting the array according to the conditions of the cells.

the accuracy of computation, and therefore, a rewriting scheme is included into RdaCIM.
After each cycle of simulation, the conductances of the cells in the array are checked against
their initial values. In case that a cell is found to have a conductance that is lower than a
threshold, an array rewrite will be initiated, as illustrated in

The rewrite threshold for a cell is defined to be a proportion of the initial conductance
of the cell, which is determined by a rewrite factor, as in

Rewrite Threshold = Rewrite Factor X Initial Conductance 4.9)

The choice of the rewrite factor has an impact on the frequency of array rewrite and the
accuracy of the computation. The choice of the rewrite factor is discussed in

Dynamic Voltage Adjustment

If not met

Check
Adjustment
onditiong

Array A Cycle of
Initialisation Operation

Voltage

If not met

Check
Rewrite
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Operation

Rewrite

Rewrite Condition: If the conductance of any cell is lower than a

rewrite threshold.

Adjustment Condition: If the conductance of any cell is lower than an

adjustment threshold.

The adjustment threshold is higher than the rewrite threshold.

Figure 4.6: Adjusting the input voltage before rewriting the array according to the condi-

tions of the cells.
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Since a higher input voltage leads to a faster degradation of the states of the memristor
cells, a design with a flexible input voltage is introduced to RdaCIM in order to verify its
effect in reducing the frequency of array rewrites. The output voltages of the [DAC]| are
lowered in case that the conductance of any cell in the array is lower than an adjustment
threshold that is higher than the rewrite threshold. The procedure is illustrated in [Figure 4.6

Similar to the rewrite threshold, the adjustment threshold for a cell is defined to be
a proportion of the initial conductance of the cell, which is determined by a adjustment

factor, as described in [Equation 4.10

Ad justment T hreshold = Ad justment Factor X Initial Conductance (4.10)

The details of the verification of the dynamic voltage adjustment design are discussed in
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Chapter 5

Experiments and Evaluations

5.1 Experiment Setup

5.1.1 Hardware and Operating System

The experiments are conducted on an HP ZBook Power G10 laptop running Ubuntu 24.04.2
LTS. The details of the specifications is listed in[Table 5.1]

Laptop Model HP ZBook Power G10
Processor Intel Core i7-13700H
Memory 32 Gigabytes

Operating System Ubuntu 24.04.2 LTS
Linux Kernel Version | 6.14.0-24-generic
GCC Version 13.3.0

Table 5.1: Specifications of hardware and operating system

5.1.2 Parameters for the Read Disturb Model

As discussed in [section 4.3] a fitting model proposed by Su et al. [31] is adopted to predict
the effects of read disturb. Therefore, the model resembles the behaviour of the memristor
cells from which the fitting parameters are extracted. The fitting parameters used in RdaCIM
are the same as the ones published by Su et al. [31]], except for ”0 in | which
is not provided in their publication. The value of ”0 used in the experlments with RdaCIM
is estimated by comparing the reproduced curves 1n MATLAB and the curves published by
Su et al. The values of the constants and parameters used in [Equation 4.6 and [Equation 4.7]
are listed in Note that the read voltage is not a constant in the experiments, as it
is determined by the [DAC]settings.
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21240
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Table 5.2: Parameters and constants for the read disturb model

5.1.3 Parameters for the DAC, ADC and the RRAM cells

The parameters for the periphery and the RRAM]cells are listed in [lable 5.3] Note that in
this setting, the number of rows in the array should be less than 1023, as it is restricted by

the number of output bits of the The maximum input current is calculated from
the maximum [DAC| output, the maximum number of rows, and the resistance of [LRS]

HRS Resistance (k) 100.0
LRS Resistance (kQ) 2.0
Number of DAC bits 1

Minimum DAC output (V) | 0.0
Maximum DAC output (V) | 0.3
Number of ADC output bits | 10
Minimum ADC input (mA) | 0.0
Maximum ADC input (mA) | 153.45

Table 5.3: Parameters for the DAC, ADC and the RRAM cells

The initial states of the cells are set to be randomly or The digital

inputs for every row and every cycle are set to be randomly 1 or 0, which means that the
[DAC]| outputs are randomly OV or 0.3V.

5.2 Read Disturb Mitigation Results

An important part of this work is to verify the feasibility of read disturb analysis in high-
level simulation tools. As mentioned in [subsection 4.3.2] the rewriting and the dynamic
voltage adjustment schemes are implemented in RdaCIM.

5.2.1 Verification of Simulation Results

Since the non-ideal effects are incorporated in RdaCIM, the results produced from simula-
tions may deviate from their ideal values. As mentioned in a result verification
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module is utilised to analyse the difference between ideal outputs and simulated outputs. An
example of a comparison is illustrated in The software produces a set of ideal

Weighted Sums

Affected by Non- n Ideal Weighted Sums
Idealities
ﬂ: Comparisons :ﬂ

Number of

unmatching 1
elements

Percentage of
unmatching 25%
elements

Largest difference

Largest deviation

509
by percentage 50%

Figure 5.1: An example of a comparison between ideal and simulated results.

results by performing vector multiplications between the input vectors and the initial states
of the cells digitally without involving the impacts from non-idealities. Every weighted
sums generated from simulations is compared with its counterpart in the ideal output vec-
tor. The number of unmatching results, the percentage of unmatching results, and the largest
difference found in the unmatching results are reported.

5.2.2 Rewriting

Rewrite Threshold % of Non-ideal Outputs | Number of Rewrites
0 (no rewrite) 27.779099 % 0
0.98 x initial conductance 2.274100 % 1
0.985 x initial conductance | 0.206833 % 1
0.99 x initial conductance 0.003967 % 1
0.991 x initial conductance | 0.000933 % 2
0.992 x initial conductance | 0.000167 % 2
0.9925 x initial conductance | 0.000067 % 2
0.993 x initial conductance | 0 % 2
0.9935 x initial conductance | 0 % 2
0.994 x initial conductance | 0 % 2

Table 5.4: Number of non-ideal outputs from a 300 x 100 array per 10000 cycles at different
rewrite thresholds

The rewriting scheme as illustrated in is crucial to maintain the computational
accuracy in the event of read disturb. Choosing a suitable rewrite threshold is the key to
minimise the rewrite frequency while sustaining the accuracy. A set of experiments have
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been done in order to find a suitable value for the threshold. The measurements are done
with a 300 x 100 array under 10000 cycles of simulation. The number of non-ideal outputs
and the number of array rewrites are recorded.

The results in suggests that the rewriting scheme is an effective countermea-
sure against read disturb, as the percentage of non-ideal results dropped from more than
27% to zero. The minimum rewrite threshold should be 0.993 times of the initial conduc-
tance of the cells, in order to prevent non-ideal outputs.

5.2.3 Dynamic Voltage Adjustment

The dynamic voltage adjustment scheme as illustrated in is developed on top of
the rewriting scheme. It is aimed to reduce the number of rewrites by adjusting the input
voltages applied on the cells in the crossbar array.

A set of measurements are done with and without the dynamic voltage adjustment
scheme. For the case of dynamic adjustment scheme, the maximum output volt-
age would change from 0.3V to 0.264V when the conductance of any of the cells is below
0.995 times of its initial conductance. For both cases, the threshold for array rewrites is set
at 0.9935 times of the initial conductance of the cell.

Nr. of Cycles | Nr. of Rewrites Nr. of Rewrites Decrease in
Voltage fixed at 0.3V | Voltage Adjustment | Nr. of Rewrites
10000 2 0 100%
20000 4 0 100%
30000 6 1 83.3%
40000 8 1 87.5%
50000 10 2 80.0%
60000 12 2 83.3%
70000 15 3 80.0%
80000 17 3 82.4%
90000 19 4 78.9%
100000 21 4 81.0%

Table 5.5: Number array rewrites per different number of cycles of simulation on a 300 x
100 array with and without dynamic voltage adjustment

The results are illustrated in The rewriting scheme with dynamic voltage ad-
justment requires 78.9% to 87.5% less frequent rewrites than the scheme without dynamic
voltage adjustment does, and the scheme eliminates the need for rewriting when the num-
ber of cycles is less than 20000. Therefore, it is safe to conclude that a dynamic voltage
adjustment scheme reduces the overhead of array rewrites significantly.

Note that as the number of cycles increases, the number of non-ideal outputs does not
necessarily remain zero. While the percentage remains low, a small number of non-ideal
weighted sums are observed. Since the[DAC]inputs are distributed randomly, it is suspected
that when the number of cycles increases, it would be more likely to have edge cases where

32



5.3. Performance Benchmarking

the input vector contains predominantly 1s. In these cases, the states of the cells would
degrade faster, and the threshold found in [subsection 5.2.2| may not be sufficient to ensure
an error-free output in these edge cases.

5.3 Performance Benchmarking

The execution time is an important factor for simulations, especially when the scale of
the simulation is large. A faster simulation tool allows simulations at larger scales within
a reasonable runtime. Therefore, it is desirable to perform a performance benchmarking
on RdaCIM. The benchmarks are done on an environment with a specification listed in

5.3.1 Baseline

As mentioned in [section 4.2.4] OpenMP and are utilised to parallelise the software.
Before discussing the parallelised versions of RdaCIM, a benchmarking of the sequential

version as the baseline is useful to elaborate the growth in the execution time with respect
to the scale of the simulation.

Two sets of benchmarks on the sequential version have been done. In one of them,
the number of cycles in simulations is kept at 1000, and the size of the array ranges from
30 x 10 to 30000 x 1000. The results are illustrated in [Table 5.6}

In the second set of benchmarks, the size of the array is kept at 300 x 100, and the
number of cycles of simulations ranges from 10 to 100000. The results are illustrated in

The two sets of benchmarks have shown that the execution time of simulations grow
linearly with respect to the number of cycles or the size of the array. Since a reasonable
execution time can be a factor that limits the scale of the simulation, an acceleration of
RdaCIM helps to scale up the simulations.

Array Size (col x row) | Time (second) per 1000 cycles
30 x 10 0.015616

30 x 100 0.157012

300 x 10 0.139347

300 x 100 1.537799

3000 x 100 15.037787

300 x 1000 16.471950

3000 x 1000 172.211717

30000 x 1000 1802.509634

Table 5.6: Execution time per 1000 cycles of simulations of different sizes of arrays in
baseline version
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Table 5.7: Execution time of different amount of cycles of simulations with a 300 x 100

Number of Cycles | Time (second)
10 0.015516

100 0.152087

1000 1.515688
10000 15.129828
100000 152.350899

array in baseline version

5.3.2 Acceleration by OpenMP and AVX Intrinsics

In order to reduce the execution time of simulations on RdaCIM, multi-threading and [SIMD
instructions are used to fully utilise the computing power provided by the of the hard-
ware platform. The implementation of RdaCIM is made multi-threaded with the OpenMP

library, and the intrinsics are used to achieve operations.

Table 5.8: Comparison of baseline and OpenMP version - Execution time per 1000 cycles

Array Size (col x row) | Time - Baseline | Time - OpenMP | Speedup
30 x 10 0.015616s 0.021145s 0.7385x
30 x 100 0.157012s 0.058557s 2.6814 x
300 x 10 0.139347s 0.048311s 2.8844 x
300 x 100 1.537799s 0.315113s 4.8802 x
3000 x 100 15.037787s 3.17179%4s 4.7411x
300 x 1000 16.471950s 3.173227s 5.1909 x
3000 x 1000 172.211717s 31.267505s 5.5077 x
30000 x 1000 1802.509634s 236.795041s 7.6121x

of simulations of different sizes of arrays

Table 5.9: Comparison of baseline and OpenMP+AVX version - Execution time per 1000

Array Size (col X row) | Time - Baseline | Time - OpenMP+AVX | Speedup
30 x 10 0.015616s 0.027045s 0.5774 x
30 x 100 0.157012s 0.043428s 3.6155x%
300 x 10 0.139347s 0.040451s 3.4445 %
300 x 100 1.537799s 0.218156s 7.0491 x
3000 x 100 15.037787s 2.112029s 7.1201 x
300 x 1000 16.471950s 2.213611s 7.4412 %
3000 x 1000 172.211717s 20.532790s 8.3872x
30000 x 1000 1802.509634s 185.242496s 9.7305 %

cycles of simulations of different sizes of arrays
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by parallelisation. The first set of benchmarking is done on a version of RdaCIM that is
parallelised by OpenMP only, and the second set of benchmarking involves the version of
RdaCIM that combines OpenMP and implementations. During both sets of bench-
marking, the simulation runs for 1000 cycles, and the size of the arrays under simulation
range from 30 x 10 to 30000 x 1000. The results are illustrated in [Table 5.8|and [Table 5.9

It can be observed that the two parallelised versions achieve higher speed-ups towards
the baseline when the size of array is larger, and starting from an array size of 30 x 100,
the two parallelised versions are faster than the baseline. For simulations with an array
as large as 30000 x 1000, the speed-up achieved by the OpenMP version is more than 7
times, and combining OpenMP and [AVX]achieves a speed-up more than 9 times. However,
the two parallelised versions are slower than the baseline when the array size is 30 x 10.
It can be suspected when the array size is small enough, the overhead brought by thread
management, synchronisation, and extra data movement would cancel out the benefits of
the parallelisation.
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Chapter 6

Conclusions and Future Work

6.1 Conclusion and Answers to Research Questions

This work presents RdaCIM, a high-level simulation tool for that incorporates the
effects of read disturb as a part of the simulation. Compared to conventional [SPICE} based
simulation tools, RdaCIM offers a faster and more flexible simulation experience. It also
fills the gap that other high-level simulation frameworks do not include models for
read disturb by default.

Research Question 1: Is it feasible to perform analyses of read disturb on a CIM
simulation tool that is not based on SPICE?

RdaCIM utilises an analytical model that is derived from real devices for the simulation
of the effects brought by read disturb. Based on this functionality, several experiments
have been done to verify the feasibility of read disturb analysis on a high-level simulation
framework that is not based on[SPICE] The experiments done with RdaCIM have suggested
the effectiveness of threshold-based periodic rewriting as a countermeasure to read disturb.
The results in[subsection 5.2.2lhave shown that a rewriting scheme with a rewrite threshold
compensates for the non-ideal effects brought by read disturb. A further investigation into
the relation between the dynamic voltage adjustment scheme and the frequency of rewrites
has been done with RdaCIM. The measurements shown in [subsection 5.2.3|have suggested
the dynamic voltage adjustment scheme brings a 78.9% to 87.5% decrease in the frequency
of rewrites, and therefore it is proven that the scheme is an effective method to reduce the
overhead brought by periodic rewriting of cells. These experiments and the results
have proven the feasibility of read disturb analysis on a high-level simulation tools without

the usage of

Research Question 2: What are the benefits brought by a parallelisable
implementation of simulation tool in terms of speed and scalability?

An performance benchmark on RdaCIM has shown that simulation tools benefit from
parallelised implementations. By combining different levels of parallelisation brought by
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OpenMP and a speed-up up to 9.7305 times has been observed. The acceleration of
the simulation tool makes it possible to perform simulations at a larger scale within a rea-
sonable time frame. Therefore, introducing parallelism into simulation tools improves
the user experience and expands the use cases.

6.2 Limitations of RdaCIM

When compared to other modern simulation frameworks for memrister-based accel-
erators, RdaCIM lacks a simple interface with modern neural network frameworks, which
makes it more complex to perform simulations for [Aljapplications.

RdaCIM exploits the parallelism provided by multi-core [CPUk and [SIMD]instructions,
but a support for[GPU]acceleration is expected to provide a larger speed-up for simulations
at large scales.

Considering the fact that the analytical model for read disturb is implemented in C
as a part of RdaCIM, it may not be easy to replace or update the model. Software en-
gineering techniques can be explored to facilitate portable implementations of models for
non-idealities.

6.3 Future Work

6.3.1 Future Work Related to Simulation Tools

Considering the limitations mentioned in potential future work includes the im-
plementation of interfaces with neural network frameworks, [GPUJacceleration, and portable
models for non-idealities. However, it is also desirable to investigate other aspects related
to this work.

RdaCIM includes a model for read disturb, but it is not the only non-idealities intro-
duced into the design. Since the resistances of the memristor cells are set to finite numbers,
the simulations are also affected by finite |[LRS ratio and non-zero G,. it can be
desirable to investigate the interactions of these non-idealities under inputs with different
distributions.

Based on the work with RdaCIM, it is also desirable to extend other simulation frame-
works, such as MemTorch [12]] and the IBM Analogue Hardware Acceleration Kit [24]],
with a model for read disturb.

Acceleration for [Al]is not the only potential application for memristor-based CIM ar-
chitectures. Future work may include exploring the use cases of RdaCIM in the fields of
scientific computation, signal processing, and genome sequencing.

Though the CIM architecture addresses some of the limitations of the conventional Von-
Neumann architecture, the Von-Neumann architecture still plays an essential role in general-
purpose computing. A computing system with a CIM design is likely to involve both a CIM
accelerator and a general-purpose processor. Therefore, future work may include combining
RdaCIM with a simulator for general-purpose processors.
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6.3.2 Future Work Related to Non-Idealities in CIM

Most of the investigations into non-idealities of and their mitigation methods have
been done in an empirical approach. However, it can be desirable to investigate the feasi-
bility of a theoretical approach in the research. Suppose the non-idealities involved in
systems can be divided into two categories. The first category includes the non-idealities
that are predictable, which means that their effects and onsets can be predicted by factors
that are observable by the developer of the architecture. Read disturb is an example of the
non-idealities in the first category, as its effects can be predicted by the read voltages and the
number of reads. The second category includes the non-idealities whose effects or onsets
are not predictable by the developers of the architecture, such as cycle-to-cycle variations,
which is caused by the stochastic nature of the switching of and The mitigation
methods to the second category of non-idealities mainly involves redundancy, whether in
time or in area. For example, the write-verify schemes targeting variations involves per-
forming a higher number of write operations to the cells, and they can be seen as a form
of redundancy. For the second category of non-idealities, it may be desirable to investi-
gate quantitatively the relation between the number of redundancy and the upper bound of
computational accuracy of the system.
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Appendix A

Sequential Implementation

void crossbar_kcl (const int num_col, const int num_row,
const int* digital_inputs, int* arr_col_sum,
struct MemristorCell* ptr_arr_cell,
enum voltage_mode voltage_mode)

for (int i = 0; 1 < num_col; i++)
{
float temp_current = 0;
for (int j = 0; j < num_row; J++)
{
temp_current = temp_current +
dac(digital_inputs[j], voltage_mode) *
ptr_arr_cell[j * num_col + i].conductance * 1000;
read_disturb(
dac(digital_inputs[j],
voltage_mode),
¢ptr_arr_cell[j * num_col + 1]);
}

arr_col_sum[i] = adc(temp_current, voltage_mode);

47






Appendix B

Implementation with OpenMP

void crossbar_kcl (const int num_col, const int num_row,
const int* digital_inputs, int* arr_col_sum,
struct MemristorCell* ptr_arr_cell,
enum voltage_mode voltage_mode)

omp_set_num_threads (omp_get_num_procs());
int 1i;
int j;

#pragma omp parallel for schedule(static) default (none) \
shared (ptr_arr_cell, voltage _mode, num col, \
num_row, digital_inputs, arr_col_sum) \
private (7)
for (1 = 0; 1 < num_col; i++)

{
float temp_current = 0;
for (7 = 0; j < num_row; j++)
{
temp_current += dac(digital_inputs[j], voltage_mode) *
ptr_arr_cell[i * num_row + j].conductance * 1000;
read_disturb (dac(digital_inputs[j], voltage_mode),
¢ptr_arr_cell[i * num_row + J]);
}

arr_col_sum[i] = adc(temp_current, voltage_mode);
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Appendix C

Implementation with OpenMP and
AVX

void crossbar_kcl (const int num_col, const int num_row,
const int* digital_inputs, int* arr_col_sum,
struct MemristorCell* ptr_arr_cell,
enum voltage_mode voltage_mode)

omp_set_num_threads (omp_get_num_procs());
int i;

int j;

_ m256 constant_vec = _mm256_setl _ps(1000);
_ m256 dac_current_vec;

_ m256 cell_conductance_vec;

_ m256 temp_current_sum_vec;

#pragma omp parallel for schedule(static) default (none) \
shared (ptr_arr._cell, voltage mode, num col, num row, \
digital_inputs, arr_col_sum, constant_vec) \
private(j, temp_current_sum vec, dac _current_vec, \
cell conductance_vec)
for (1 = 0; 1 < num_col; i++)

{
float temp_current = 0;
temp_current_sum _vec = _mm256_setl_ps(0);
for (j = 0; 7 < num_row; j = j + 8)
{
if (num_row - j >= 8)
{
dac_current_vec = _mm256_set_ps(
dac(digital_inputs[j], voltage_mode),
dac(digital_inputs[j + 1], voltage_mode),
dac(digital_inputs[j + 2], voltage_mode),

51



C. IMPLEMENTATION WITH OPENMP AND AVX

dac(digital_inputs ], voltage_mode),
( ], voltage_mode),
( ]
( ]

)
dac(digital_inputs )
, voltage_mode),

)
)

Wy
(3
dac(digital_inputs[]
Wy
(3

dac(digital_inputs , voltage_mode

+ + 4+ + +

)i

dac(digital_inputs 71, voltage_mode
cell_conductance_vec = _mm256_set_ps (

ptr_arr_cell[i * num_row + j].conductance,
ptr_arr_cell[i * num_row + j + 1].conductance,
ptr_arr_cell[i * num_row + j + 2].conductance,
ptr_arr_cell[i * num_row + j + 3].conductance,
ptr_arr_cell[i * num_row + j + 4].conductance,
ptr_arr_cell[i * num_row + j + 5].conductance,
ptr_arr_cell[i * num_row + J + 6].conductance,
ptr_arr_cell[i * num_row + j + 7].conductance);

cell_conductance_vec =
_mm256_mul_ps(cell_conductance_vec, constant_vec);
temp_current_sum_vec = _mm256_fmadd_ps (
dac_current_vec,
cell_conductance_vec,
temp_current_sum_vec);
read_disturb(
((£loat*) &dac_current_vec) [0],
¢ptr_arr_cell[i * num_row + J]);
read_disturb(
((float*)&dac_current_vec) [1],
¢ptr_arr_cell[i * num_row + J + 11);
read_disturb(
((float*) &dac_current_vec) [2],
¢ptr_arr_celll[i * num_row + J + 21);
read_disturb(
((£loat*) &dac_current_vec) [3],
¢ptr_arr_cell[i * num_row + J + 3]);
read_disturb(
((float*) &dac_current_vec) [4],
¢ptr_arr_celll[i * num_row + J + 471);
read_disturb(
((£loat*) &dac_current_vec) [5],
¢ptr_arr_cell[i * num_row + J + 5]);
read_disturb(
((£loat*) &dac_current_vec) [6],
¢ptr_arr_cell[i * num_row + j + 6]);
read_disturb(
((float*) &dac_current_vec) [ 7],
¢ptr_arr_celll[i * num_row + J + 71);
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}

else if (num_row - j == 7)

{

dac_current_vec =

dac(digital_in
dac(digital_in
dac(digital_in
dac(digital_in
dac(digital_in
dac(digital_in
dac(digital_in
0.0f);

cell conductance_vec = _mm256

ptr_arr_cell[i
ptr_arr_cell[i
ptr_arr_cell[i
ptr_arr_cell[i
ptr_arr_cell[i
ptr_arr_cell[i
ptr_arr_cell[i
0.0f);

_mm256_mul_ps (
dac_current_ve

cell conductan
temp_current_s

read_disturb (

_mm256_set_ps (
puts[J]
puts[]
puts|
puts|
puts|
puts|
puts|

+ + 4+ 4+ + + o~

j
]
j
]
j

* num_row
* num_row j
* num_row
* num_row
* num_row

* num_row

+ + + + + + + |
| G S G P W PR GO PR W

* num_row

cell conductance_vec =
cell_conductance_vec,
temp_current_sum_vec = _mm256_fmadd_ps (

Cy
ce_vec,
um_vec) ;

+ + + + + +

((float*)&dac_current_vec) [0]
¢ptr_arr_cell[i * num_row + 7]

read_disturb (
((float*) &dac_current_vec) [1],

set_ps(
j] .conductance,

)i

voltage_mode),
voltage_mode),
], voltage_mode),
], voltage_mode),
], voltage_mode)
] )
] )

4

, voltage_mode),
, voltage_mode),

.conductance,
.conductance,
.conductance,
.conductance,
.conductance,
.conductance,

constant_vec);

¢ptr_arr_celll[i * num_row + 3 + 1]);

read_disturb (
((£loat*) &dac_current_vec) [2],

¢ptr_arr_cell[i * num_row + J + 2]);

read_disturb (
((float*)&dac_current_vec) [3],

¢ptr_arr_cell[i * num_row + j + 3]);

read_disturb (
((float*) &dac_current_vec) [4],

¢ptr_arr_celll[i * num_row + J + 4]);

read_disturb (
((£loat*) &dac_current_vec) [5],
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54

else

{

dac_current_vec
dac(digital_
.0f,
.0f,
.0f,
.0f,
.0f,
.0f,
L.0f);

if

if

if

if

if

¢ptr_arr_cell[i * num_row + J + 5]);
read_disturb(
((float*)&dac_current_vec) [6],

¢ptr_arr_cell[i * num_row + J + 6]);

O O O O O o O

(num_row

(num_row

(num_row

(num_row

(num_row

i == 6)
j == 5)
j == 4)
3 == 3)
i == 2)

= _mm256_set_ps(
inputs[j], voltage_mode),

cell_conductance_vec = _mm256_set_ps (
ptr_arr_cell[i * num_row + j].conductance,

0
0
0
0
0
0

.0f,
.0f,
.0f,
.0f,
.0f,
.0f,



0.0f);
cell conductance_vec =
_mm256_mul_ps(cell_conductance_vec,
temp_current_sum_vec = _mm256_fmadd_ps (
dac_current_vec,
cell_conductance_vec,
temp_current_sum_vec);
read_disturb (
((£loat*) &dac_current_vec) [0],
¢ptr_arr_cell[i * num_row + J]);

}

temp_current = float”*) ¢temp_current_sum_vec
float”*)s¢temp_current_sum_vec
float”*) ¢temp_current_sum_vec
float”*)&¢temp_current_sum_vec
float”*) ¢temp_current_sum_vec
float”*)&¢temp_current_sum_vec
float”*) ¢temp_current_sum_vec
float”*)&¢temp_current_sum_vec

adc (temp_current, voltage_mod

((
((
((
((
((
((
((
((

D — — — — — — — —
~ — — o/ — o/ — o

arr_col_sum[i]

+ o+ + + 4+ 4+

constant_vec);
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