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Abstract

The discrete Fourier transform (DFT) is one of the most important algorithms
commonly used in baseband processing. While traditional hardware implemen-
tations like the Fast Fourier Transform (FFT) are highly optimized, they heav-
ily suffer from the von Neumann bottleneck. To overcome this, performing the
computations directly in memory using memristive crossbar arrays is a promising
solution.

This thesis evaluates different simulators for analog in-memory-computing and
found NeuroSim to be the most suitable for simulating power, performance, area
and accuracy. Modifications to the simulator are proposed to support the assess-
ment of three different crossbar-based designs for computing the DFT. To investi-
gate whether the DFT can be reliably implemented in the analog domain without
severe accuracy degradation, a Ferroelectric tunnel junction memristor was cho-
sen due to its high resistance and inherent robustness against non-idealities like
IR drop. We demonstrate that a symmetry design, which stacks the twiddle coef-
ficients into one crossbar and leverages the conjugate symmetry of the DFT, is the
most optimal for real-valued inputs. This design effectively reduces the hardware
cost of the peripherals, reducing the crossbar area by 50% compared to a naive
implementation.

For a small 64-point DFT, our evaluations show that the system can achieve
a mean square error of magnitude 1073, However, scaling to a large 1024-point
DFT in a single crossbar introduces significant IR drop, resulting in an increased
accuracy degradation. To mitigate this, a tiled architecture is adopted. As tiling
significantly increases energy and area due to the overhead of multiple analog-to-
digital converters, a tradeoff analysis is performed. Square tiles of size T' = 1024
are found to be the most optimal, effectively reducing the error margin to 2 x 102
while maintaining low energy consumption and latency. Finally, the results show
that a single crossbar implementation consumes approximately 8.65 nJ, about
half the energy of highly optimized CMOS FFTs, whereas the tiled architecture
requires approximately 15.6 nJ
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Popular Science Summary

In an increasingly connected world, the demand for fast wireless communication,
like 5G and 6G, is rapidly growing. To process these wireless signals, our devices
heavily rely on a crucial mathematical algorithm called the discrete Fourier trans-
form (DFT). However, traditional computers have an architectural limit. They
suffer from the von Neumann bottleneck, which means they waste massive amounts
of time and energy simply moving data back and forth between the memory unit
and the processing unit.

A solution to overcome this bottleneck is to perform the calculations directly
inside the memory itself. This can be achieved with the emerging devices called
memristors. Arranging these analog components in a grid-like structure called a
crossbar array, we can utilize the current flowing through it, to do math directly
inside the arrays. Using this can drastically reduce time complexity and save
power.

In this project, our main purpose was to simulate and evaluate the best way to
build a DFT calculator using these memristor crossbars. We proposed and tested
three different hardware designs:

e Baseline: A standard, straightforward implementation of the DFT using
differential pairs.

e Merged: A design where we stacked the calculation matrices together to
significantly reduce the hardware cost of expensive peripherals, like analog-
to-Digital Converters (ADCs).

e Symmetry: A highly optimized design that leverages the natural mathemat-
ical symmetry of the DFT to cut the required crossbar area completely in
half for real-valued inputs.

Using a modified NeuroSim simulator, we found our Symmetry design con-
sumes only 8.65 nJ of energy. This is roughly half the energy required by highly
optimized traditional hardware setups. However, scaling up to larger computations
(like a 1024-point DFT) introduces a major challenge known as IR drop. This phe-
nomenon is linked to the natural resistance of longer interconnecting wires, causing
a voltage loss that heavily degrades calculation accuracy.

To mitigate this IR drop, we introduce tiling to break the massive crossbar
into smaller, interconnected grids. Furthermore, because adding tiles requires
expensive extra peripherals (like the previously mentioned ADCs) that increase
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energy and area costs, we performed a tradeoff analysis. We found that a square
tile size of 1024 offers the most optimal balance between energy efficiency and
accuracy for a 1024-point DFT.
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Chapter 1

Introduction

1.1 Research Context

In an increasingly connected world, the demand for fast wireless communication is
rapidly growing. 5G has raised the bar for processing latency in digital baseband
ASICs and 6G will raise it further in the coming years. Ericsson is a world leader in
telecommunications who designs processors for baseband processing in the mobile
communication domain.

The discrete Fourier transform (DFT) is commonly used in baseband process-
ing, for instance it is used in orthogonal frequency division multiplexing [1], for
uplink and downlink and filtering etc. A faster implementation of DFT is the
Fast Fourier transform (FFT), which decreases the time complexity from O(N?)
to O(Nlog N).

According to 5G standards, modern applications require extremely high data
rates (up to 20 Gbps) and low latency (under 4 ms) [2]. To achieve this, 5G
systems currently utilize OFDM with FFT sizes scaling up to 4096 points [3], and
future 6G networks are expected to push this requirement to 8192 points or more
[4]. Tmplementing FFT in traditional hardware is very memory intensive and has a
high hardware cost and complexity that scales heavily with the size of the input [1].
While modern hardware can compute individual transforms quickly, the massive
parallelism required in 5G/6G (Massive MIMO) leads to an unsustainable energy
consumption. This is primarily due to the von Neumann bottleneck, where the
constant movement of these massive data arrays between memory and processing
units heavily dominates the power budget [5].

Performing in-memory computation (IMC) is potentially a way to overcome
this bottleneck, as it eliminates the need to constantly move data. Doing the
processing in arrays of memristive devices can instead reduce the time complexity

to O(1).

1.2 Thesis Scope

The project aims to simulate small and large DFTs implemented in memristor
crossbar arrays to evaluate the performance metrics of the system. The imple-
mentation is assessed with respect to accuracy and performance, power/energy
consumption and area (PPA).



2 Introduction

Different simulators with the capability to simulate memristors and crossbar
arrays are investigated and compared to determine whether the design can be
implemented and the desired performance metrics can be evaluated. Three designs
for IMC based DFT with different levels of optimization are proposed. Device
parameters and non-idealities along with system-level noise are researched and
injected to the simulations to find the impact on accuracy.

A small DFT (64 point) is implemented and simulated to find the performance
metrics of a small system and evaluate which design is better. Additionally a
larger DFT (1024 point) is implemented in the most optimal design for real input.
To mitigate the static IR drop in large crossbar arrays tiling is introduced. The
challenges that arise with increasing the size are evaluated and design tradeoffs are
suggested. The PPA is compared to traditional hardware DFT implementations.

The thesis is limited to the IMC aspect of the DFT accelerator. It only briefly
touches on interfacing the DFT design with a larger system such as traditional
computing and I/0. The input is assumed to be analog and the output is converted
to the digital domain for the final steps of the processing.

1.3  Previous Work

Analog in-memory computation (AIMC) implementations of DFT with memristor
crossbar arrays have been evaluated in [1, 6-10]. Some of the designs are evaluated
by simulating with hardware effects [6, 7, 10], while others are only evaluated
theoretically [1] or without disclosing which hardware parameters are chosen [8,
9].

The design in [1] uses a novel coefficient mapping method to minimize the
number of columns in the coefficient matrix. Furthermore, the entire output signal
is created in the analog domain and only converted to the digital domain at the
last step. In contrast, [6] performs ADC directly at the output of the crossbars
moving more of the computation to the digital domain. The paper compares three
DFT designs in terms of bit-error-rate (BER), energy and area as the result of
coefficient bitwidth. However, the BER compares the original bit stream with the
output after performing DFT and IDFT in the AIMC designs. The device used is
a 2-bit RRAM device.

A memristive image reconstructor (MIR) for medical purposes is implemented
in [7] using RRAM in the 1T1R-configuration with 0.13um Si CMOS process.
Both DFT and IDFT are implemented with memristor arrays as a part of the
MIR. The MIR is experimentally shown to have significant speed-up and energy
efficiency compared to using a conventional GPU for the same task.

The Discrete Cosine Transform (DCT) is closely related to the DFT but only
uses the real part of the coefficients. In [10, 11|, DCT is implemented with memris-
tor crossbar arrays for image compression. For transform size (N) of 128 and 256,
the result retains good accuracy compared with current methods and achieves
constant time complexity [10] . Similar results were found in [11], but without
evaluating system-level non-idealities.

To summarize, the feasibility of using memristor crossbar arrays to implement
DFT have been previously evaluated and found to be promising thanks to low
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power usage and high integration density. A number of designs have been proposed
and evaluated. However, in simulations of AIMC systems, not all previous work
incorporates device and system non-idealities as a part of the analysis which might
prove unrepresentative of real life applications.
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Chapter 2

Background

In order to implement DFT with in-memory computing, memristors are used.
They are a class of non-volatile memory that have been found to have desirable
properties such as small integration area and low power. By chaining them into
crossbar arrays they can realize vector matrix multiplication. However there are
a number of device and system non-idealities that arise from the analog nature of
this type of IMC designs. In this chapter we present some background on these
topics and techniques to minimize the effect of the system imperfections.

2.1 Discrete Fourier Transform

The DFT is an important transform used in wireless communication and other
signal processing heavy fields. The DFT transforms a time series to the frequency
domain and is defined as follows:

N—-1
X(k)=> Wy 0<k<N-1 (2.1)
n=0

Where N is the length of the DFT, and can be expressed as vector matrix
multiplication if input samples z(n) and outputs X (k) are expressed as column
vectors & and X. Then the DFT can be implemented as:

X = WNX (22)

Where Wy is called the DFT matrix [12], or the transform matrix. The
elements in the DFT matrix are called the twiddle factors and are defined as:

- 27nk

Wik = e 778 (2.3)
The elements in x are typically complex valued and represented as a + bj. So
(2.1) can be expressed as

N-1
X(k) = (a(n)+j xb(n)Wy0<k<N-1 (2.4)
n:—l N-1
= amWiF+5x Y bn)Wgt (2.5)
n=0 n=0
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Using the vector notation introduced in (2.2), (2.5) can be expressed as

X=Wpya+j X Wb (26)

2.1.1 Traditional Hardware FFT Implementations

There are a number of approaches to implementing FFT in traditional hardware.
In [1], a number of approaches have been compared. The computational complex-
ity of the compared designs range from O(N log N) to O(N log, N). Traditional
hardware implementations also suffer from the von Neumann bottleneck, have
large memory requirements, high hardware cost and complexity and are limited in
how much of the processing can be parallelized which in turn limits the throughput

1.

2.2 The Memristor

First proposed in 1971 by Leon Chua, the memristor was not discovered until 2008
at HP labs [13, 14]. Alongside the resistor, capacitor, and inductor, the memristor
is the fourth fundamental electronic component, uniquely linking magnetic flux
and electric charge [13].

Using memristors higher density and lower power can be achieved compared
to CMOS technologies [8]. The memristor has been suggested as non-volatile
memory and some papers, among them [15, 16], have proposed how to implement
logic circuits with memristors. This could enable in-memory computing which
would bridge the von Neumann bottleneck and increase the integration density
even in a post-moore’s law era.

For this thesis project, the memristor crossbar array configuration is explored
as a way to implement in-memory computing.

2.2.1 Properties

The memristor behaves like a linear resistor with memory but with some nonlinear
characteristics [17]. It can be current or voltage controlled depending on the device.
The time-invariant behavior of a voltage controlled memristor is

d
dif Zf((E,’U)

(2.7)

where x is the state, v(¢) is the memristive device voltage, i(t) is the current of
the memristive device, G(x) is the conductance of the device and ¢ is the time.
The memristor conductance can be programmed with high voltage to change
its value, and read with low voltage without disturbing its state [18]. High resis-
tance in a memristor corresponds to low conductance, as such the high resistance
state (HRS) is equivalent to the off state of the device. Using the same reasoning,
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the low resistance state (LRS) corresponds to the on-state. The dynamic range
(DR) of a memristor is expressed as the ratio

Gmaw

DR =
Gmin

(2.8)

between the LRS and HRS conductances.

2.2.2 Different Devices

Extensive investigations of Resistive Random Access Memory (RRAM) crossbar
array enabled accelerators for neural networks have been made [19, 20].

Other non-volatile memory technologies, including RRAM, phase change mem-
ory (PCM), ferroelectric memory (FeRAM) and ferroelectric transistor (FeFET),
and magneto-resistive random access memory (MRAM), have been explored for
neuromorphic computing in the roadmap presented in [21]. The roadmap also
maps out the device non-idealities that are commonly found when using these
devices, such as nonlinearity, conductance drift, low resolution, device-to-device
variability and read noise.

In [22], ferroelectric tunnel junctions (FTJ) are found to be a promising device
for analog in-memory computing (AIMC) thanks to the low conductance level. The
paper also notes that FTJ-based systems are sensitive to short-circuit failure of
individual devices, and proposes that safeguards needs to be introduced to the
system.

2.2.3 Non-ldealities of Memristors

While utilizing memristor crossbar arrays for in-memory computing is a promising
in terms of power consumption, performance and integration density there are
some drawbacks due to the non-ideal properties of memristor devices. Different
classes of non-idealities are more common with certain devices. The following
sections outlines common ones.

Conductance Variation

Real-world memristors will experience variations in their conductance levels. This
class of non-ideality is called device-to-device variation. A number of devices all
programmed to state X will not have the exact same conductance, but vary various
amounts depending on the device.

The conductance variation is one of the limiting factors for how many states a
device can support. A memristor with a conductance range of GO to G1 can only
support a number of states where there is some room to the next state so that
the standard deviation is not too large and pushes that state to a state next to it.
If the states are too close together, the conductance variation (and other noise)
might cause the memristor to not reliably switch between states.
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Figure 2.1: The memristor crossbar array with data converters

Read Noise

Read noise is the variation of the read values of the memristors. In [7], the read
noise is not found to impact the accuracy of the MRI significantly thanks to low
noise levels.

The authors of [6] propose a novel adaptive variability aware crossbar map-
ping scheme to mitigate the effects of read noise. In the end-to-end simulation
framework, the BER is significantly improved with this novel mapping. From this
work it is evident that the mapping scheme has significant impact on the noise
sensitivity of the system.

Conductance Drift

The conductance of a memristor can start to drift with time. The speed of the
drift determines the reliability of the system as well as how often a memristor
needs to be reprogrammed to maintain accuracy.

Conductance drift is a significant issue with PCM memristors [23], but it also
occurs for other types of memristors. The conductance drift of analog RRAM
hinders its practical applications according to [24]. While FTJ memristors are
found to have low, negligible, drift [22].

2.3 Crossbar Array

By placing memristors in a crossbar array, several parallel multiply-accumulate
operations can be performed. The relationship between current, voltage and con-
ductance of the memristor device, as defined in (2.7), correlates to Ohm’s law.
Consider also Kirchhoff’s law to accumulate the current at the output node and
we have a multiply-accumulate operation along one column in the crossbar array.

Figure 2.1 shows how the crossbar array is structured. The columns in the
array are called bit lines, while the input rows are called word lines. The crossbar
array can thus be used to implement a vector matrix multiplication (VMM) by
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performing the dot product of the input vector and the values programmed on the
crossbar columns as

I=GV (2.9)

where V is the input vector, G is the conductance matrix and I is the vector
of current signals generated in the crossbar columns. I can be expressed as

I =) ViGy; (2.10)

Where I is the current at the output of bit line j, V; is the input voltage of
word line ¢ and G; ; is the j-th entry of i-th row in matrix G. Depending on the
input and output domains of the crossbar array, DACs and ADCs might be placed
at the input or output.

2.3.1 Differential Representation

The twiddle coefficients from (2.3) have values ranging from -1 to 1 since they
are derived from the unit circle. The sign of the coefficients can be both positive
and negative. However, memristors can only be programmed with positive con-
ductance. In order to represent both positive and negative coefficients we employ
differential pairs.

The differential pair consists of two memristors programmed with values so
that the difference is the desired conductance. The relationship between the out-
put current of one bit line as a function of the differential pairs of memristor
conductances are described in (2.11) with G’j)'j and G ; forms one differential pair.
G* and G~ are the differential crossbar arrays.

oy = Y _ViGH; + (=V)Gi ] = Y _VilGE; =Gy )) (211)
K3 K3

(2.11) shows the relationship between the differential pair and the subsequent
output current derived from the differential pair. (2.11) is derived from [25].

Using differential pairs results in doubling the amount of devices to repre-
sent the coefficient matrix. When employing differential crossbars (two separate
crossbars) the combined output is computed with adders at the outputs. The
G™ crossbar is programmed with all positive coefficients while G~ is programmed
with the absolute value of the negative coefficients. The rest of the devices in the
differential crossbars are programmed to 0 as to create the differential value. For
instance if the desired conductance of G; ; is —0.55, then program G:j =05 and
G;; =0.55:

Gij =G, —G;;=05-055=-055

Inputs can also be represented in this manner. The implications are that the
positive part of the input will be input to a pair of differential crossbar arrays,
while the negative part is input to another pair. This approach requires four cross-
bar arrays to completely process the input. Another approach is to multiplex the
input to the differential pair. Then only two crossbars are needed, but instead
the operation will take two clock cycles per input. While there are other ways of
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representing negative weights in the context of memristors, the differential rep-
resentation has been found to be robust toward device and read variations [26]
[27].

2.3.2 IR Drop in Crossbar Arrays

IR drop is the reduction of voltage that occurs due to the intrinsic resistance
and current in metal wires. The IR drop increases with the length of the wire.
In crossbar arrays, the IR drop is a severe bottleneck since the wire resistance
increases quadratically with the number of rows and columns [28].

This is an important consideration when sizing crossbar arrays. Creating bit
and word lines that are too long with many memristors attached can be problem-
atic. In order to avoid inaccuracies from IR drop, the maximum size of the arrays
must be considered. Furthermore, the use of FTJ memristors helps mitigate this
issue due to their low conductance. This reduces the total current flowing through
the wires, thus reducing the IR drop [28].

There exists two types of IR drop: static and dynamic. The static IR drop
is the average voltage drop whereas dynamic IR drop depends on the switching
activity of the design [29]. In this thesis we will primarily discuss static IR drop
unless otherwise specified. While the impact of dynamic IR drop in crossbar arrays
is important to evaluate, the simulation tools chosen for this thesis project lacked
the capabilities to model this.

2.3.3 Tiling

To mitigate the IR drop effect the crossbar array can be divided into smaller
arrays called tiles. The tiles can have any shape as long as the size is smaller than
the original crossbar. In order to reconstruct the output of the crossbar first the
outputs are added column by column. The full output is created by concatenating
the output vectors.

Introducing more tiles in the vertical direction will increase the number of ADC
needed since the columns are broken up and each partial result requires ADC. Ad-
ditional peripheral circuitry will also be introduced to support the reconstruction
of the full output.

2.3.4 Coefficient Slicing

When the dynamic range of a memristor is not large enough to support the full
coefficient bitwidth the bits can be distributed across multiple memristors placed
in adjacent columns. This technique is called coefficient slicing.

For instance, consider a 4-bit memristor and 8-bit weights. Two memristors
are used for each weight, where the first four bits are stored in the first one, and
the rest in the other as illustrated in Figure 2.2. To reconstruct the full output
value some additional Shift-and-Add periphery is needed.

There are two approaches to coefficient slicing, the least significant bit (LSB)
method and the most significant bit (MSB) method. For the LSB method, the
least significant bits are mapped into devices first. While for the MSB method
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Wy,0.MSB Wq0,LSB Wi 0.MSB W, o,LSB

Wo,1,MSB Wo,1,LSB W, 1, MSB W, 1,LSB

Figure 2.2: Coefficient slicing

the most significant bits are mapped into devices first. While these two methods
appear to be the virtually the same (and in terms of hardware operations they are
in fact the same) the implications are notable. When the coefficient bitwidth is a
multiple of the bits per device this means that the range of the memristor is fully
taken advantage of. However, when there is a mismatch the LSB mapping only
utilize the full range of the first few memristors while the last memristor will not
be fully programmed with the weight.

If each device stores 6 bits and the coefficient bitwidth is 8 bits, then the first
memristor will be programmed with the 6 LSB while the 2 MSB are put in a
second memristor. This means that the conductance levels in the second device
are always relatively low. But the conductance and read variations are still in the
same magnitude. Which leads to the second device being more susceptible to the
device non-idealities.

2.3.5 Bit-Serial Input

When interfacing the crossbar arrays with the digital domain, DACs are required
to convert the digital signals into analog voltages for the crossbar[1l]. Multi-bit
DACs can be used to generate precise analog voltage levels but are costly while
introducing noise in the conversion. To solve this, the bit-serial scheme is often
used. With this technique, the multi-bit digital input is time-multiplexed by pro-
cessing a single bit at a time using simple 1-bit DACs. This drastically reduces
noise sensitivity, as the crossbar only needs to differentiate between simple high
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and low voltages instead of fine-grained analog levels.

In order to obtain the full output, the partial results are added together after
being shifted according to the bit significance. While this requires extra digital
components like shift registers and adders, it eliminates the need for massive,
high-precision multi-bit DACs. And also ensures low ADC resolution which in
turn could lower the total cost of peripherals. In summation, bit-serial input leads
to higher latency in exchange for achieving higher accuracy, better noise immunity,
and reducing the total peripheral cost.

2.4 Analog to Digital Conversion

The main computation in the IMC design is performed in the analog domain.
In order to finalize the output in the digital domain analog to digital conversion
(ADC) is needed. The number of bits supported by the ADC component should
be chosen carefully in order to balance accuracy in the conversion with the power
consumption that it adds to the system.

ADCs are placed at the output of the crossbar arrays. Different schemes can
be selected to optimize the number of ADC devices per crossbar array. The naive
solution is to place one ADC at each bitline. But due to the size of an ADC
compared to the memristor, this might prove impractical [30]. To optimize the
floorplanning of the IMC accelerator, it might be more feasible to share one ADC
between several bitlines.

The conversion to the digital domain takes place before the digital shift-add
operation that constructs one element in the output vector. A general approach to
the ADC resolution is given by the number of rows in the crossbar, the bitwidth of
the input and the bitwidth of the coefficients in the crossbar as proposed by [31].

Bcoe Bin 1 M7 if Bcoe > 17 Bin >1
Bude —{ §57F Jin 08 " Deoeff (2.12)

B Bcoeff + Bin + 10g2 M — 1, otherwise

Where Bgg. is the ADC resolution, M is the number of crossbar rows, B;,
is the bitwidth of the input and B¢y is the bitwidth of the coefficients. This
equation states the minimal ADC resolution to ensure no clipping. Quantization
noise still occurs despite choosing an optimal sized ADC resolution.

[30] found that Flash-ADC and successive-approximation ADC (SAR-ADC)
have suitable properties for IMC.

2.5 System Parameters

The system level performance and accuracy in a crossbar array are affected by a
number of parameters and how they are combined.

e Number of rows (word lines): The number of rows in a crossbar corresponds
to the number of inputs. More rows causes higher IR drop which in turn
can distort the accuracy of the computation. The number of rows is used in
calculating the ADC resolution.



Background 13

e Number of columns (bitlines): The number of columns in a crossbar array
corresponds to the size of the output. More columns also leads to higher IR
drop. The number of bitlines is proportional to the number of ADCs in the
system.

e Bits per device: The number of bits per device is the limiting factor for how
many states that can be represented by a memristor and is a device intrinsic
parameter. Bits per device is used in calculating the ADC resolution.

o Input bitwidth: The number of input bits that can be processed simultane-
ously. Input bitwidth is used in calculating the ADC resolution.

o Coefficient bitwidth: The coefficient bitwidth is used for quantization of the
weights. If the desired coefficient bitwidth is larger than the bits per device,
coefficient slicing can be used to still represent the weight using the desired
device. Larger coefficient bitwidth means smaller quantization error.

o Input bitwidth: The number of bits per input is used for quantization of the
input. If the desired input bitwidth is not supported, bit-serial input can
be used to still utilize the full input bitwidth. Larger input bitwidth means
smaller quantization error.

o ADC resolution: The number of bits that the analog to digital conversion
supports. Increasing the ADC resolution generates larger energy consump-
tion. The ADC resolution is derived from the number of word lines in the
crossbar, the input bitwidth and bits per device. A too small ADC reso-
lution risks clipping large input values, while too large ADC can lead to
redundant power consumption.
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Chapter 3

Investigation of IMC Simulators

In order to perform our measurements, the design needs to be implemented in a
simulator. Finding a simulator which supports measuring accuracy, power and
performance proved challenging. Memristor crossbar arrays are an emerging tech-
nology in the field of neuromorphic computing. As such a majority of the simu-
lators available to simulate complex memristor crossbar array designs are created
for machine learning applications.

There exist different classes of simulators. There are the Python interfaced sim-
ulators that integrate common Python ML libraries with some sort of memristor
hardware calculation. Then there are the SPICE-based analog circuit simulators
that create linear equations for each device and solve to find the behavior of the
circuit.

In this section we evaluate simulators that we have considered and the features
and limitations of each of them. We will compare them and present the reasoning
for our selection.

3.1 CiMLoop

The CiMLoop simulator is a flexible, accurate, and fast compute-in-memory mod-
eling tool, developed at MIT by Tanner Andrulis, Vivienne Sze, and Joel S. Emer
[32]. Its main purpose is to allow researchers to easily and rapidly compare the PPA
(Power, Performance and Area) metrics of different architectural designs using
memristors and crossbar arrays. CiMLoop is based on TimeLoop and Accelergy,
extending their mapping and estimation engines to support analog components
and compute-in-memory. Furthermore, to accurately model circuit-level compo-
nents such as ADCs, memory cells, and row/column drivers, CiMLoop utilizes a
built-in NeuroSim plug-in to extract realistic energy and area values.

3.1.1 PPA Calculations in CiMLoop

One of the ways that CiMLoop makes it possible to rapidly deploy and evaluate
different designs is through its statistical energy model. Instead of relying on
slow, cycle-by-cycle simulations of every specific data value to determine energy
consumption, CiMLoop calculates the average energy per action based on the
probability distribution of the data values. This allows CiMLoop to evaluate

15



16 Simulators

designs orders of magnitude faster than a traditional cycle-by-cycle approach, while
still maintaining high circuit-level accuracy.

3.2 CrossSim

CrossSim [33] is a GPU-accelerated and Python based simulator developed by San-
dia Labs for simulating crossbar arrays and model analog in-memory computing.
The intended use of CrossSim is to simulate Neural Networks for machine learning
on crossbar array and to determine the accuracy of the calculations. CrossSim
supports multiple design choices that will impact accuracy, such as if the input is
bit sliced or not.

The accuracy is simulated with different parameters and properties of mem-
ristors. One of those is a parasitic voltage that may occur and that will impact
performance. The calculations are not done in IMC, however they are altered as
if they were calculated in a crossbar. This is why CrossSim is able to calculate the
accuracy of a crossbar array.

CrossSim is not intended for doing PPA calculations for the crossbar. The
only intended usage is accuracy. This is due to the simulator being developed for
machine learning, as such it is focused on accuracy. However, Sandia labs suggests
that if you wanted PPA calculations, then you should use their other simulator,
Xyce, for such calculations, in addition to using CrossSim.

3.3 AIHWKit

AiHWKit is a crossbar simulator developed by IBM. It is also developed with
the same purpose as Sandia’s CrossSim, primarily focused on simulating analog
crossbar arrays for neural network training and inference. While it offers extensive
functionality for behavioral simulation, it does not support measurements of PPA.
Consequently, both AiIHWKit and CrossSim were ruled out as they lacked the
necessary features for our specific goals.

3.4 Xyce

The Xyce simulator, developed by Sandia National Laboratories, is an open source
SPICE based simulator. In the most basic form, the simulator takes a netlist which
is a list of devices and their properties and interconnects [34]. It creates a system of
differential equations to represent the circuit and solves this to produce simulation
results.

Although Xyce lacks native support for crossbar arrays, it provides all the
necessary components to simulate them, including memristor devices [34]. The
outputs from the simulations are the node currents and voltages in the shape of
DC and transient analyses. The simulation granularity of the Xyce simulator is
quite high. The current and voltage for each circuit element can be calculated for
every time interval.
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In conclusion, Xyce is suitable for detailed analysis of circuits. But in order
to do system-level evaluation of different designs a lot of effort is needed to build
the entire system for each design from the ground up.

3.5 DNN+NeuroSim V1.5

The DNN+NeuroSim V1.5 (NeuroSim) is an open source framework for bench-
marking IMC accelerators for deep neural networks [35][36][37]. The simulator is
suited for evaluating design space explorations of neuro-inspired AIMC designs.
The framework can provide inference accuracy and PPA estimations for AIMC, as
a result of design choices on both circuit and device level.

NeuroSim consists of two parts; a behavioral simulator (BS) and a hardware
analyzer (HA). The BS is a Python wrapper that enables inference with PyTorch
[35]. It also leverages TensorRT for post-training quantization [35]. The BS creates
traces that are used as input to the HA to estimate PPA. The HA is a circuit
level model for benchmarking neuro-inspired designs. It is written in C++ and
allows for hierarchical organization from the device level to the circuit level [38].
Taking the network topology and traces from the BS as input, the HA uses a
novel floorplanning and mapping algorithm to create a chip design [38]. The HA
provides PPA metrics for this design hierarchically.

3.6 Badcrossbar

Badcrossbar is an open-source tool for computing currents and voltages in non-
ideal crossbar arrays to find the effect of IR drop on the crossbar [39]. The tool
is developed as a Python package which makes it easily interfaced with other
Python frameworks. The tool takes the input voltages, the crossbar resistances
and the wire resistance. Using these parameters the non-ideal output is calculated
considering IR drop. The tool is limited to IR drop analysis and does not consider
other device non-idealities. While this limits the suitability of using Badcrossbar
as independent simulator, it is still useful for combining with other Python based
simulators that do not consider IR drop.

It is important to note that Badcrossbar only models static IR drop and does
not consider the switching activity of the design. Another drawback of Badcrossbar
is the scalability of input. As the size of crossbar arrays grow, the computation
time and resources significantly increase. This presents a challenge for simulating
large arrays where IR drop analysis is most prudent.

3.7 Summary of Investigations

As summarized in Table 3.1, finding a single simulator that fulfills all thesis re-
quirements proved challenging. Tools like CrossSim and AiHWKit provide ro-
bust accuracy simulations but completely lack hardware-level PPA metrics, even
if modified. Conversely, Xyce offers detailed SPICE-level analysis but lacks built-in
crossbar support, making system-level PPA evaluation highly impractical.
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Table 3.1: Comparison of evaluated IMC simulators based on key
features required for DFT evaluation.

Simulator Simulation Basis Accuracy Support PPA Support Native Crossbar Support

CiMLoop Statistical No Yes Yes
CrossSim GPU/Python Yes No Yes
AiHWKit Python Yes No Yes
Xyce SPICE No Yes (Impractical) No
NeuroSim SPICE/Circuit-level Yes Yes Yes
Badcrossbar Python Yes (IR drop only) No Yes

In this evaluation, "Accuracy Support" means that the simulator can extract
accuracy metrics entirely in software, either through built-in features or by math-
ematically modeling the hardware’s behavior.

Both CiMLoop and NeuroSim emerged as comprehensive tools capable of han-
dling PPA and evaluations for crossbar architectures. While CiMLoop accelerates
simulations using statistical models, NeuroSim offers deterministic, cycle-by-cycle
circuit-level simulations. However, because NeuroSim also supported accuracy, it
became the better choice.

Therefore, NeuroSim was retained as the primary simulator. To address its
limitations regarding static IR drop analysis, it was supplemented with the Bad-
crossbar tool, creating a robust environment for evaluating the proposed designs.
To the best of our knowledge, we did not identify any other lightweight, open-
source IR drop simulation tools outside of SPICE-based frameworks. Although
non-SPICE approaches may exist, they appear to be either proprietary or not
publicly available. So while Badcrossbar lacks dynamic IR drop modeling and is
time and memory intensive for large transform sizes it will still contribute another
layer to the investigation and highlight the effect of static IR drop on large crossbar
arrays.

Finally, since these tools primarily target neural network inference, a custom
framework was implemented on top of them to calculate the required algorith-
mic accuracy (MSE) for the DFT. Detailed modifications will be discussed in the
methodology section.

3.8 In-Depth Analysis of NeuroSim

3.8.1 IMC Simulation (Behavioral Simulation)

NeuroSim leverages a Python wrapper to enable the popular Python machine
learning library PyTorch for inference. NeuroSim supports pooling, linear and
convolution layers by extending the existing PyTorch implementations of these
layers with hardware simulation of the multiply-accumulate operation [35] with
quantization performed with TensorRT.

The inputs are normalized to be nonzero and padded with dummy rows and
columns. In increments configurable from one to several bits at a time the inputs
are multiplied with one or several bits of the weights. And finally ADC sensing
is emulated. The outputs for each column are shift-added to compute the entire
result of the VMM.
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NeuroSim uses this behavioral simulation in its own implementation of the
different layers listed above. Finally NeuroSim will present the inference accuracy
of the model.

Simulate Non-Idealities

In the BS of NeuroSim, there are two mutually exclusive ways to add hardware
non-idealities and simulate how accuracy is affected: device expert mode and
circuit expert mode [40]. Circuit expert mode is used when data of the aggregated
non-idealities from detailed simulations or measurements from a fabricated IMC
macro is available.

Device expert mode is suitable when only the device characteristics are avail-
able [40]. The non-idealities supported by device expert mode includes SAF, con-
ductance drift, read noise and device-to-device variation, non-linear states and
standard deviation of each state.

3.8.2 Memristor Devices in NeuroSim

The device states can be set with a file specifying the conductance levels of the
simulator. The simulator supports a number of devices including SRAM, FeFET
and memristors (eNVM, emerging non-volatile memory). However even when
using analog devices, the input bitwidth is always 1-bit. When using more bits
to represent the input, NeuroSim will bit-slice the input. Multiple bit precision is
supported for the weights.

3.8.3 Floor Planning in NeuroSim

In the hardware analyzer core of NeuroSim [40], the hardware design is constructed
using a single chip with hierarchies of components. This hierarchy is divided up
by a chip that consists of pooling units, accumulation units, activation units, a
global buffer and tiles. The tiles in turn consist of a tile buffer, an accumulation
unit, an output buffer and processing units. The processing units are made up of a
buffer, an accumulation unit, an output buffer and synaptic arrays. These synaptic
arrays then have switch matrices, muxes, ADCs, Shift-and-Add components, and
the crossbar consisting of memristors. The complete overview of the chip design
can be seen in figure 3.1.

The synaptic array, or SubArray as it is called in NeuroSim, is the primary
module of interest for our analysis. This is because it contains the actual memris-
tive crossbar array, where the DFT twiddle factors are mapped as conductances.
Furthermore, the SubArray houses all the necessary peripheral circuitry, such as
wordline drivers, ADCs, and Shift-and-Add circuits, all required to perform the
VMM in the analog domain.

The measurements of computing a full DFT, is done entirely within this mod-
ule. Therefore, analyzing the SubArray provides the exact PPA metrics for our
In-Memory Computing implementations. The diagram for the SubArray module
can be seen in Figure 3.2.



20 Simulators

L
|

layng
1eqo|o

A

Figure 3.1: Diagram of NeuroSim's chip design [40]. (c) represents
one processing unit (PE).

ccumulation & Output Buffer
(c)

| BL Switch Matrix

WL

+—F!FET‘
3 H y
RS '

njcells as one synaps

— BU== sL
1 y
FeFET A

| WL/RS Switch Malrix |

g E"":l E‘“’E
8 Adder
Shift Shift
( d) Register Register

Figure 3.2: Diagram of the SubArray module in NeuroSim [40].
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3.8.4 PPA in NeuroSim

Estimating the PPA in NeuroSim, is done by the HA. The HA calculates these
metrics individually for each hardware component. Furthermore, the total cost
is determined by a bottom-up summation. This starts by accumulating the com-
ponents within a single SubArray, followed by the SubArrays within a tile, and
finally summing all elements to acquire the total chip cost. Calculating the energy
for a crossbar array, is done with the standard dynamic energy equation:

Egyn < C-V? (3.1)

Writing the dynamic energy equation with a proportional sign, is done to show
the standard scaling relationship, where the energy scales linearly with capacitance
and quadratically with voltage. This is because we are not using exact constants in
this general model. In simulation environments like NeuroSim [35], this is modeled
explicitly by estimating the capacitance of the wordlines (Cy 1) and bitlines (Cpr,)
to compute the total array energy:

Earray ~ C'WL . Vd2d . NWL + CBL . ‘/rzead . NBL (32)

where Ny 1, and Ny, represent the number of selected wordlines and bitlines,
respectively.

For the performance metric, the critical path of a crossbar array is defined by
the analog read operation [35]. Calculating the total delay (tcriticar) is done by
summing the distinct stages in this path:

teritical = IHaX(tWL, t]VIu:v) + tprecharge + tADC (33)

It must be noted that this latency estimation, along with the energy calcula-
tions for the wordlines and bitlines, forms the core of our PPA evaluation when
scaling the DFT designs. Furthermore, non-idealities such as bitline delay and the
energy cost of resistive losses are not included in NeuroSim 1.5. However, it is
possible to integrate models for these, which we have done in this thesis.

3.8.5 Bit-Serial Input in NeuroSim

In the Hardware Analyzer core of NeuroSim, the input bitwidth is strictly limited
to 1 bit per cycle. When higher input bitwidth is desired, the simulator automat-
ically bit-slices the input and processes it sequentially. This is done to get rid of
Digital-to-Analog Converters (DACs) at the crossbar inputs, as the nonlinearity
in IV curve of eNVMs will introduce distortion in parallel read-out [40]. This
architectural choice currently has the biggest impact on the simulated latency and
throughput.

3.8.6 NeuroSim's usage of Digital Values

One of the design choices in NeuroSim[35], is the usage of digital values between
crossbars. In the intended usage of NeuroSim, that follows a traditional floorplan,
then multiple crossbars are connected in the digital domain. However, as we are
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doing the DFT algorithm, we have no need for this behavior. Furthermore, it
makes us unable to implement certain designs, where for example different cross-
bars are connected to each other in the analog domain, such as Mojtaba’s FFT
implementation [1].

3.8.7 ADC

There are two available ADCs to choose from in NeuroSim: a multilevel sense
amplifier or a SAR ADC. The SAR ADC is modeled in NeuroSim by calculating
the energy per column. It takes the technology-dependent column power (P.y;)
and multiplies it by the time it takes to complete the read. The energy per column
is modeled as:

Eol = Peot % (logy(levelOutput) + 1) x 1079 (3.4)

where levelOutput is the number of quantization levels. Because the term
log, (level Output) corresponds to the ADC resolution in bits, the conversion takes
one cycle per bit plus one additional cycle for setup. The column power, P,.,;, is an
empirically derived value based on the chosen technology node, device roadmap,
and the equivalent column resistance. While the energy equation evaluated per
column might appear linear at first glance, the total energy actually scales quadrat-
ically with the ADC resolution. In the NeuroSim model, the column power (P.;)
itself is defined as a linear function of the ADC resolution.

The latency for the ADCs reflects this cycle count as well. Since NeuroSim
models each cycle as taking 1 ns (1072 seconds) for the SAR ADC, the total
latency for the ADC across a given number of reads (numRead) is modeled as:

tapc = (logy(levelOutput) + 1) x 1072 x numRead (3.5)
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Methodology

To improve the energy efficiency and accuracy of IMC DFT we propose three
designs that utilize the properties of DFT or the crossbar array to optimize some
aspect of the hardware. In order to evaluate the proposed designs, simulations are
run with the NeuroSim simulator described in Section 3.5. Power /energy, latency
and accuracy as a result of different design choices are modeled and measured.

4.1 IMC Designs

Three designs for how to compute DFT with crossbar arrays are presented. The
Baseline design is a naive implementation of the DFT that uses differential rep-
resentation for both inputs and weights. The Merged design stacks the weight
matrices into one to minimize the use of costly ADC operations. The Symmetry
design further optimizes the Merged design by leveraging the symmetry of real
DFT to half the number of columns needed for the DFT operation. Addition-
ally, the device, peripherals and system parameters and non-idealities used in the
simulations are outlined.

4.1.1 Baseline Design

The baseline DFT design presented in [6] is a naive implementation utilizing the
differential representation detailed in Section 2.3.1. The input vector is represented
in the differential fashion and is the input to each of the differential crossbar arrays.
Considering only real valued input (2.6) can be expressed as X = ¢ W . From
this, and (2.11), the DFT can be rewritten as

X:ZB+ WN++$, WNf—($+WN7+$, WN+) (41)

where each of the Wy matrices is one crossbar array of dimensions N x 2N
with the real and imaginary parts of the DFT matrix and the inputs x4 and x_
is a row vector of size 1 x N.

Wyt = [R{Wnyi} H{ Wy} (4.2)

N x 2N
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For simplicity, assuming that the transform size is constant, 3{ Wy} will be
expressed as Wﬁc and J{ W x4} will be expressed as W . The outputs from
each crossbar are added together to form the output vectors X g, and X ,,,. Thus
for the real input case (z g.), the real and complex part of the DFT is reconstructed
by:

Xpe=(Whah, + Wrap) — (Whay, + Wgah,)
Xim=(Wi xh + Wi zp)— (WH ap + Wi ah.)

m

(4.3)

For complex input (zge & x1,,), the design is extended with duplicated hard-
ware to process the imaginary input vector in the same fashion as the real input.
The real and imaginary output vectors are added digitally to form the complete
complex output.

X = (X rere — X 1mim) +3 (X rerm + X 1mRe) (4.4)

Real Part Imaginary Part

This operation can be generalized for any combination of real and imaginary
components as:

Xap=(Whah+ Wizy) - (Wizy+ Wiz}) for A, B € {Re,Im} (4.5)

Because of the differential representation, this physical hardware mapping per-
fectly reconstructs the mathematical product (W4 — W) (z5; — z3). One of the
crossbars used in the baseline design is shown in Figure 4.1. As stated earlier,
either four or eight crossbars will be used in total, for the real and complex case
respectively.

x+Re i
—> W¥re : Wim
WHraX Re WHmt*Re

Figure 4.1: Diagram of a baseline crossbar.

4.1.2 Merged Design

Computing a DFT with multiple crossbar arrays, as is the case for the Baseline
design outlined in 4.1.1, will lead to a costly use of peripherals. In the paper by
Zhao et al. [7], a more optimized version of a DFT is proposed by stacking the
arrays, reducing the hardware cost of the peripherals by half, like ADCs. We have
taken inspiration from this design and have concentrated the DFT even further,
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to one single crossbar. This approach reduces the hardware cost of the peripherals
to one fourth of the naive implementation.

To clarify this architecture, we will first detail the matrix configuration for
real-valued inputs, and then extend the design for the complex case. Thus, given
a real-valued differential input vector £ = = — x~, the full system equation to
obtain the differential Real and Imaginary outputs is:

+ T
XRe
X Re _ et 2= Wie Wie Win Wi 4.6
X U TR we w ow, wt (46)
Im ————— Re Re Im Im
X Real Input X X X
Im (1x2N) Merged Differential Matrix

(2N x4N)
Complex Output(1x4N)

For complex input we can extend the merged matrix to combine the calcula-
tions of the real and imaginary inputs. Essentially the merged matrix is extended
into a 4N x 4N matrix. This computes the full output for the DFT, with differen-
tial representation. The full output can be fully reconstructed either in the analog
or digital domain. This is done with (4.4).

Xge ! Wge WF_{e W?_m WI_rn
Xre et en ah wo]e | WRe Whe Wi Wi,
X;rm ° : — — WIm Wfrm Wﬁe WRe
X, ham™ Wi, Wi, Wi Wi
Full Differential Output Merged Differential Matrix for Complex Case
(1x4N) (AN x4N)
(4.7)

In Figure 4.2, the diagram of the Merged design is shown, as to make it clearer
how the crossbars have been concatenated. To simplify, differential representation
is not shown in the diagram.

*Re :
—_— '
Wre H Wim
...............
*im E
—_— .
“Wim H Wre
Xre Kim

Figure 4.2: Diagram of the merged design



26 Methodology

4.1.3 Symmetric Design

To further optimize the DFT for hardware, we have utilized the conjugate Sym-
metry of the DFT [41]. This states that for real valued inputs for a DFT, you
can compute the full DFT, with only the first N/2 4+ 1 elements. This is because
X[K] = X*[N — K]. However, as X[0] and X[N/2] is unique, we need to com-
pute them, along with X[1] to X[N/2 — 1]. Furthermore, as X[0] and X[N/2]
are purely real values, i.e. they are real numbers, thus we can reduce the number
of columns by 4 for the crossbar array.

With this optimization, we can reduce the hardware by half, as we decrease the
columns from 4N to 2N. Thus reducing the costly ADCs that otherwise would be
needed to convert the analog signals to digital. The equation would be the same
as (4.6), with the difference that the Merged Matrix will have the size 2N x 2N.

x[o: N2, 1"

X[0: N/2Jg,  [#he mr—{e},[wat Wie Win Wil g
X[1:N/2-1], Wio Wi Wi, Wil
X[1:N/2-1], Rfla Lgﬁ;t Merged Symmetry Matrix

(2N x2N)
Unique Output Values(1x2N)

Where Wi, is the real twiddle matrix of the first N/2 values, while W7, is
the imaginary twiddle matrix for the indices 1 to N/2-1. Thus the size of W§, is
N xN/2+41and W7 is N x N/2—1. Which makes the total size of the merged
matrix, 2N x (2(N/2+1) +2(N/2—-1)) =2N x 2N,

[ cos(Zm0) ... cos(2mOhy L COS(W) A
Whe=| cos(3Z20) ... cos(Zmmky ... cos(ZmnlV/2)

N

2n(1\}—1)N/2)

T(N— T(N—1)k
| cos(2X-10) COS(Q(TU) cos( ~ 1 Nx(N/2+41)
(4.9)
[ sin(25h) o sin() sin(2=)
W;n _ sin( ij\rfl.l) . sin( 27r1-\rka) .. 51n(%)
_sin(%(]\][v_l)l) sin(W) Sin(w)_ Nx(N/2-1)
(4.10)

Reconstructing the Output for Symmetry

For a real-valued input vector & (where & € RY), the crossbar computes the
partial output consisting of the real and imaginary parts for the first half of the
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Figure 4.3: Diagram of the Symmetry crossbar

spectrum.
The full output vector X [k] (for k =0,..., N —1) is reconstructed as follows:

X Relk] for k =
= <L< N _
X[k] _ XRe[k} +] le[k} for 1 =~ Ijvi ) 1 (411)
X gelk] for k = 5
Xpe[N—kl—j - Xim[N—k] for § <k<N-1

Complex-Valued Input

For a complex input € = a + jb (where a and b are real vectors), the linearity
of the DFT is utilized. The computation is split into two passes (or two hardware
instances) involving the real components a and b. The complete complex output
X iotar is calculated by combining the transforms of the real and imaginary parts:

Xiotal = DFT(O') +7- DFT(b)

Expanding this into real (fR) and imaginary (J) components for the final digital
addition:

Xiotal[F] = (R{A[K]} — I{B[K]}) +7 - (3{A[k]} + R{B[K]}) (4.12)

Final Real Part Final Imaginary Part

where:

e A[k] is the full DFT of the input’s real vector component a, reconstructed
using (4.11).

e B[k] is the full DFT of the input’s imaginary vector component b, recon-
structed using (4.11).

Because of the conjugate properties of the imaginary part, for & > N/2:

Xiotar[k] = (R{A[N — K]} + I{BIN — k]}) +j - (R{B[N — k[} — J{A[N — k]})

Final Real Part Final Imaginary Part

(4.13)
For clarity, the first half of the spectrum (0 < k < N/2) can be written as:
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X relk] = R{A[K]} — I{ B[k}

X 1nlK] = 3{A[K]} + R{BIK]}

For the second half of the spectrum (k > N/2), utilizing index m = N — k:

X pe[k] = R{A[m]} + I{B[m]}

X m[k] = R{B[m]} — I{A[m]}

The full design of the Symmetry in the complex case, can be seen in Figure
4.4. As stated before, two crossbars are needed and because of the conjugate, the

operators are switched when computing the second half of the spectrum, as seen
in (4.15).

(4.14)

(4.15)
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Figure 4.4: Diagram of the Symmetry design in the complex case

4.1.4 Design Comparison

The dimensions and area of the crossbars employed in the three designs are key
to predict the system properties. Larger area increase the effect of IR drop and
power consumption. The number of columns decide how many ADC components
are required. To easily compare the dimensions and area of the designs they have
been compiled in Table 4.1.

42 Tiling

For large crossbar arrays the IR drop might degrade the accuracy and render
the system useless. To reduce this issue the crossbar can be divided into smaller
crossbars called tiles. To enable large-scale DFT processing, two tiling schemes
are investigated: square and rectangular.
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Table 4.1: Crossbar dimensions and area comparison for real and
complex inputs

Real Input

Design Crossbar Dimensions Total Area % of Baseline Area
Baseline 4(N x 2N) 8N? -

Merged 2N x 4N 8N? 100
Symmetry 2N x 2N 4N? 50

Complex Input

Design Crossbar Dimensions Total Area % of Baseline Area
Baseline 8(N x 2N) 16 N2 -

Merged AN x 4N 16N? 100
Symmetry 2(2N x 2N) SN2 50

4.2.1 Square Tiles

Square tiles are tiles where the number of devices in the word and bit lines (the
height and width of the tile) are equal. T denotes the number of devices along
one side in the square tile. In Table 4.2 we have outlined which tile sizes T we are
investigating.

Table 4.2: Number of tiles per tile size T for real input Symmetry
design N = 1024.

T Number of tiles Number of rows
64 1024 32
128 256 16
256 64 8
512 16 4
1024 4 2

4.2.2 Rectangular Tiles

Rectangular tiles are introduced to investigate if oblong tiles, which require fewer
ADCs, are feasible. The idea is to minimize the number of ADCs by having fewer
vertical tiles than the square tiling scheme and find out how wide the crossbars
can be to enable good accuracy and while avoiding large IR drop.

The dimensions of rectangular tiles are written as T = (number of word lines) x
(number of bitlines) = (tile height)x (tile width). For example T = 1024 x 512
for a large DFT (N = 1024) Symmetry design implementation without coefficient
slicing would mean that there are 8 rectangular tiles, 4 in the top row and 4 in
the bottom row. Figure 4.5 visualizes this example also considering two coefficient
slicing scenarios (2 and 3 devices/weight).



30 Methodology

1 device/weight 2 devices/weight 3 devices/weight

Tile size
512 x 512

Tile size
1024 x 512

Tile size
2048 x 512

Figure 4.5: An example of how the square and rectangular tiling
schemes are implemented for real input Symmetry design.

4.3  Device, System and Peripherals

43.1 FTJ Device

In order to simulate a memristor device in NeuroSim there are a number of device
parameters that needs to be characterized. A FTJ memristor device is sufficiently
characterized in [28][22]. In fact the paper authors used NeuroSim to investigate
the feasibility of the FTJ device for in-memory computing in [28] with promising
results thanks to good linearity, wide dynamic range, low conductance and little
device-to-device variation and read noise.

Up to 60 distinct states have been achieved, with a dynamic range (DR =
gm‘”) of up to 10 and Gee = 1.2nS [22, 28]. The read noise is on average 3.5%

min

and the device-to-device variation is an average of 0.8%. The device exhibit near-
linear programming behavior, and the low conductance radically reduces the IR
drop.

In NeuroSim the device was modelled by assuming linear state distribution.
All the parameters used in the simulation are listed in Table 4.3. The parameters
are taken from [28][22].

4.3.2 Bits Per Device

Since the ADC resolution is determined in part by the bits per device and the
choice of device, these parameters will have a system level impact. As discussed
in the next chapter and in the background, increasing the ADC resolution reduces
the impact of noise but also leads to higher energy consumption. In the case that
the coefficient bitwidth is larger than the bits per device, coefficient slicing will
be employed which in turn increases the energy and area footprint. Fewer bits
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Table 4.3: Device parameters for FTJ memristor [28][22]

Parameter Value Unit
Technology 20 nm
Read pulse width 5 ns
Bits per device 4,6 bits
Read voltage 0.3 A%
Dynamic range 10

Gmaz 1.2 ns
Device-to-device variation 0.8 %
Read noise 3.5 %
Drift coefficient 2x107°

Drift time 1 S

per device might also allow for better separability between the states and might
decrease the effect of device-to-device variation on the accuracy.

So while the FTJ device supports up to 6 bits/device there might be benefits to
not employ all of them. Fewer states per device could decrease the ADC resolution
and might potentially decrease the energy consumption. However the need for
coefficient slicing might emerge for devices that supports too few states. As such
we will explore using the FTJ memristor with both 4 and 6 bits per device to
highlight the effect of device bitwidth on the system.

433 ADC

In order to maintain good accuracy in the system while keeping the energy con-
sumption and area low we want to find the minimal ADC resolution. Using (2.12),
is a good approach for finding the minimal ADC resolution for general purpose
application where the weights have unknown values. However since the exact val-
ues of the weights are known, the minimal ADC resolution can be defined by the
specific values in the coefficients.

To decide the minimal ADC resolution, the sum at each column is calculated
to find out what the largest value calculated at each column can be, assuming
that the bit-serial inputs are all ones. This calculation corresponds to a vector
multiplication between input of all ones and one column in the crossbar array.
Note that the bits per device affects this calculation.

Due to the repeating nature of the weights of the three designs the minimal
ADC resolution is the same for the designs despite having widely different number
of word lines. For instance in (4.6) and (4.8) the differential pair of weight sub-
matrices are stacked on top of each other. The largest sum along the columns will
always be the first column in the real coefficient matrix, since it is all ones. While
the number of word lines in the Merged and Symmetry designs is higher than in
the Baseline design, the largest column-wise sum is still the same.
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The formula for the minimal ADC resolution when no tiling is involved:

BOPt’ADC = 10g2 N + Bdem’ce (416)

where Bgeyice is the bits per device.

There is one exception however. For the Merged design and complex input
the weight coefficients are repeated along the column axis. As a result one more
bit is needed for the ADC resolution to assure no loss.

Bmcrgcd,complcx,ADC = 10g2 N + Bdevice +1 (417)

Note that N is the size of the input (i.e. the same as in the context N-point
DFT). Not to be confused with M in (2.12) which denoted the number of word
lines in the crossbar array. When tiling, the ADC resolution is defined by the tile
height T' or N, depending on which is the smallest.

Btile,ADC = 10g2 (mln(T7 N)) + Bde'uice (418)

Where the tile height T is always less than or equal to N for the Symmetry
design. Figure 4.6 illustrates the increased ADC resolution as a result of design,
input, bits per device and tile size.
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Figure 4.6: ADC resolutions as defined in (4.16)—(4.18). A tile
height of 0 indicates that no tiling is employed.

4.3.4 IR Drop

To assess the impact of IR drop in the system we use the same method as proposed
in [28]. IR drop is a result of intrinsic wire resistance as well as the resistance of the
memristors. The wire resistance for a FTJ memristor crossbar array is estimated
to be 1092 in [6]. The IR drop analysis in [28] show the voltage error as a function
of the crossbar size for FTJ memristor crossbar arrays as calculated using the
Badcrossbar simulator [39].
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4.4 Accuracy Simulation

The accuracy simulation is performed using the behavioral simulator (BS) of Neu-
roSim along with Badcrossbar for IR drop simulation.

NeuroSim is the main tool for accuracy simulations and is used as the base.
The primary objective of the BS in NeuroSim is to estimate the inference accuracy.
For this thesis, however, we isolate the BS to find the accuracy of the designs
presented in chapter 4.1. To support this effort, some changes are made to the BS
to simplify the existing code and streamline the simulation process. The effect of
IR drop is added to the existing BS in NeuroSim using Badcrossbar.

Extensions and Modifications to NeuroSim Behavioral Simulator

To support different representation modes and encapsulate all functionality to com-
pare accuracy of a crossbar array, the CrossbarArray class is created. CrossbarArray
inherits the NeuroSim macro.IMC and _utils.QuantMixin classes that contains
the hardware simulation. A CrossbarArray object represents a crossbar array
with user defined arguments and size N. The object quantizes its weights at ini-
tialization.

The CrossbarArray class is further extended by the classes MergedCrossbarArray,
BaselineCrossbarArray, SymmetryCrossbarArray. Each of the children classes
of CrossbarArray has their own implementation of the hardware simulation in
the simulate () method. The simulate() method takes one (for real input) or
two (for complex input) vectors, quantizes according to the user defined arguments
and returns the de-quantized hardware simulated VMM result.

In order to support changing the parameters for simulation, the arguments of
the NeuroSim simulator are extended. All the arguments that can be set in the
BS remain with the additions listed in Table 4.4.

Parameter Description

N The input size

arch Which design to simulate

device Which memristor device to use
input Specify real or complex input
noise Simulate with or without noise
ir_drop Simulate with or without IR drop
error Error metric

save_table  Save simulation data to csv
tile_height Tile height

tile_width  Tile width

iterations How many random inputs to generate

Table 4.4: Simulation arguments

Furthermore, some changes are made to the hardware simulating functions
defined in macro.IMC:
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e Dummy columns are removed due to incompatibility with 1D input.

e Assume linear distribution between states rather than use the gap between
first and second state when calculating analog_step.

e Ignore automatic quantization and mapping in favor for quantizing weights
in the CrossbarArray class.

e Remove usage of TensorRT (a software development kit for optimizing and
accelerating deep learning inference on NVIDIA GPUs) to make framework
compatible with non-NVIDIA hardware.

e Update the coefficient slicing by putting devices in adjacent columns rather
than separate crossbars

e Implement MSB coefficient slicing to minimize the impact of device non-
idealities

e Enable tiling before crossbar VMM simulation

In order to also take the effects of static IR drop into account the Badcrossbar
simulator, described in section 3.6, is used. In NeuroSim all the device non-
idealities of device expert mode are injected by modifying the values of the matrix
that represents the crossbar array. Each element in the matrix has a conductance
value that is modified with the noise arguments, then the output of the crossbar
array is computed by performing VMM with the input and non-ideal conductance
matrix.

To expand the simulation to include IR drop, the non-ideal conductance ma-
trix, the input voltages and wire resistance are used in a Badcrossbar simulation.
The output of the simulation is the non-ideal currents as the result of the VMM
considering IR drop. This output is passed along to the ADC simulation.

The default NeuroSim BS implementation of coefficient slicing effectively intro-
duced separate crossbars to store the MSB and LSB devices. This is contradiction
to the hardware analyzer and user manual [40] that states that the devices of a
single weight are stored in adjacent columns. So in order to mimick this behav-
ior the coefficient slicing of the BS was modified to centralize all devices into one
crossbar with devices for one weight in adjacent columns.

Tiling is enabled for tile dimensions that evenly divide the crossbar. The
tiling is placed right before the crossbar VMM operation so as to preserve all the
peripheral simulation along with the crossbar. Digital output reconstruction is
implemented for the tiles. To support flexible tiling investigation, the tile height
and width are set with CLI arguments.

Note that IR drop simulation is very time consuming for larger transform
sizes. For the Baseline design a single crossbar array has the dimensions N x 2N.
Simulating Symmetry and Merged designs and/or larger degree of coefficient slicing
will also increase the simulation time due to larger crossbars.

Simulation Setup

Behavioral simulations are run in a separate Python program that creates CrossbarArray
objects with the user specified parameters. The simulator generates 10 random
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Figure 4.7: Schematic of the behavioral simulation

inputs of size N. Comparing the accuracy shows the average mean square error
(MSE) for these 10 inputs to account for some of the randomness brought on by
the irregular device non-idealities. The randomized inputs are floating points in
the range -1 to 1.

The simulation program takes the arguments from Table 4.4 and sets the rele-
vant parameters for creating the CrossbarArray according to the desired simula-
tion setup. Additionally, the ADC resolution can be set manually or automatically
(default) by setting the adc_precision argument to -1. The automatic ADC res-
olution is derived from (2.12).

Accuracy Evaluation

Two reference models are used, one fixed-point and one floating point, to compare
with the simulated values. The floating point reference model takes the floating
point random input as input and uses the fft.fft() function from the Numpy
Python library to calculate the output. The fixed-point reference model uses the
same arguments as for the IMC calculation to quantize inputs and weights.

The accuracy is compared three ways:

e (Quantization error: The fixed-point reference model is compared to the
floating-point reference model to show the quantization error without any
hardware effects. In this case, the fixed-point reference model is considered
the reference value.
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e Hardware-induced accuracy loss: The hardware simulation result is com-
pared to the fixed-point reference model to find only the hardware effects.

e Total accuracy loss: Finally the hardware simulation result is compared to
the floating-point reference model to find only the hardware effects iden-
tify the full accuracy loss as a result of both hardware non-idealities and
quantization.

The accuracy loss is expressed in terms of MSE defined as:

N
MSE = %Z lyi — il (4.19)
i=1
Where y is the output of the reference model, and is the output of the
simulation (or fixed-point reference model in the context of quantization error).
Bear in mind that since the y vectors are complex valued |y; — ¥;| represents
the Euclidean distance between the two elements in the complex plane. The MSE
therefore measures the average squared Euclidean distance between the simulated
and reference outputs. Intuitively MSE quantifies how much on average the sim-
ulated values deviate element-wise from the reference model. In order to compare
the MSE of different input sizes the MSE has been normalized with the average
values in Table 4.5. Unless otherwise specified the MSE used in this report is the
normalized mean square error.

Table 4.5: Average output values of real and complex DFTs for
varying transform lengths N, computed over 100 random inputs.

N Real Case (Avg) Complex Case (Avg)

64 4.05 5.81
128 5.79 8.20
256 8.12 11.57
512 11.61 16.35
1024 16.39 23.16

Conductance Drift Investigation

The accuracy as a result of conductance drift is measured separately. The setup
is almost identical to the rest of the measurements, but the drift time is increased
from one second to one year. The simulations are run on 100 random inputs,
rather than 10, to further decrease the effect of randomness in the result.

The default drift simulation mode in NeuroSim [40] is used. The mode assumes
random drift. Additionally, each state is assumed to drift at the same speed.

IR Drop Investigation

IR drop degrades the accuracy of the DFT computation due to the device and
wire resistances. As such the size of the crossbar employed will have an impact
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on the system. For the same size input the crossbars for the different designs
vary significantly. For instance the crossbar dimensions of the Merged design for
complex input is 4N x 4N while the Baseline design for complex input is IV x 2IV.
Although the total area is the same for the two designs, the Merged design is at
risk to be more affected by IR drop.

Furthermore, by introducing coefficient slicing additional devices are placed in
adjacent columns and will increase the size of the crossbar which exacerbate the
voltage drop in the wires. To investigate whether the effects of IR drop are notice-
able for small DFT in the different designs separate measurements are carried out.
One configuration of parameters each for real and complex input, are simulated
with and without IR drop to ascertain how the accuracy is affected by the larger
crossbar array dimensions. Ten random input sequences are simulated.

Another set of simulations are carried out to compare the effect of IR drop on
increased DFT size for the Symmetry design with real only input. The accuracy is
compared for different coefficient bitwidths and bits per device to investigate the
impact of coefficient slicing.

Tiling Investigation

To analyze the impact of tile size on IR drop, simulations of a large DFT (N =
1024) are performed for different tile sizes. Only one input set is simulated for
each configuration due to the increased processing time when considering IR drop.
Square tiles and rectangular tiles are described in Section 4.2. The rectangular
tiles are simulated with tile heights 1024 and 2048, and tile widths 32, 64, 128,
256, 512.

4.4.1 Quantization and De-Quantization

Both weights and inputs are quantized in CrossbarArray, as well as the fixed-point
reference model, based on the input arguments. For instance, if the coefficient_bitwidth
parameter is 8, that means 8 bits are used to represent the weight value. This pa-
rameter is used to quantize the weights to the range [0, 255], (28 = 256). The same
procedure is applied to the inputs. Note that the input and coefficient bitwidths
do not need to be the same.

After the VMM operation has been performed, the result is in the quantized
domain. But in order to compare the accuracy of the simulation with the reference
model, the output needs to be de-quantized. The scaling factor S is defined as:

S = 2Bin x 9Beocss (4.20)

where B;, and Bcoesy are the input and coeflicient bitwidths.

4.5 Hardware Analyzer

Simulating the PPA of the hardware for our designs, is done with the Hardware
Analyzer of NeuroSim. The HA offers PPA for a whole chip design used for
inference, where multiple crossbars are used, that are connected with wires and
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buffers. This has been modified by us to only focus on a single large crossbar and
its peripherals.

45.1 Testbench

We have developed a testbench to automate the simulation of various DFT sizes
and configurations. The testbench for the HA consists of a Python script to
generate the correct input traces (network and weights), and a bash script that
compiles the C++ Hardware Analyzer and runs it iteratively with different pa-
rameters. Running the bench requires two arguments; which design to analyze
and what size of N (64 or 1024). Then a full sweep test of input and coefficient
bitwidths is done. It runs with the same inputs as the BS.

4.5.2 Custom Floorplan and Netlist

From the user manual [40] it specifies how to define the network for NeuroSim. This
network is used for creating the floorplan, and how it should create the different
layers. We have created our own netlist, that tells NeuroSim to create one single
layer, with one big crossbar, with the correct size for input and output.

Table 4.6: Netlist configuration parameters for the single-layer Neu-
roSim implementation.

Parameter Value Description

IFM_H 1 Input Height (1D Vector)

IFM_ W 1 Input Width (1D Vector)

IFM_ D rows Input Depth (Crossbar Rows)
Kernel H 1 Kernel Height

Kernel W 1 Kernel Width

Kernel D cols  Output Depth (Crossbar Columns)
Pooling 0 No Pooling needed

Stride 1 Standard Stride

This makes sure that the simulated metrics used are for the physical imple-
mentation of the FFT, where only one big crossbar is used. By setting IFM_H,
IFM_W, Kernel_H, and Kernel W to 1, NeuroSim is forced to run a Matrix-Vector
Multiplication (MVM) rather than a spatial convolution.

The stride is set to 1. In Convolutional Neural Networks, stride defines the
step size of the kernel window. In NeuroSim, the output dimension is calculated
as Noyt = [(H — K)/S + 1] [40]. Thus, setting stride to 1 will give us 1 out-
put dimension, ensuring a one-to-one mapping between the input vector and the
crossbar output without any spatial reduction.

45.3 Parameters for Hardware Analyzer

All relevant parameters for Hardware Analyzer, derived from the papers by Athle
et al. [28] and Borg et al. [22] are listed in table 4.7.
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Since the 20 nm technology node is not natively supported by the Hardware
Analyzer, we have used a hybrid modeling approach. We have explicitly defined
the physical parameters for the FTJ memristor based on the data from Athle et
al. [28]. For the peripheral circuitry, we have utilized the existing parameters
to calculate custom parameters for 20 nm by interpolating between the available
technology nodes. This is done to provide a realistic estimation of the area and
energy scaling for the digital peripherals. The interconnecting wires has also been
changed to tungsten, based on the data from Athle et al. [28].

Table 4.7: Device parameters for HA

Parameter Value Unit
Technology 20 nm
Bits per device 6 &4  bits
Read voltage 0.3 V
Write voltage 2.4 A%
Max Conductance (Gaz) 1.2 ns
On-Resistance (Ryp) 084 GQ
Off-Resistance (Rof¢) 84  GQ

45.4 lIsolating SubArray Metrics

By default, the standard Hardware Analyzer reports the total PPA for the entire
chip hierarchy. To focus on the relevant components, the modularity of NeuroSim
was utilized. We modified the SubArray class to isolate the crossbar metrics and
all its peripherals (ADC, Mux and Shift-and-Add). This enables us to extract the
relevant metrics and to exclude the global chip buffers and routing that are not
relevant to our specific component-level analysis.

455 Tiling

Square tiling is natively supported in the HA of NeuroSim. This can be simulated
by simply reducing the physical crossbar limit parameter, allowing NeuroSim’s
floorplanning algorithm to handle the spatial distribution automatically. How-
ever, this floorplanning algorithm is also the reason why rectangular tiles cannot
be simulated, as the tool incorrectly instantiates and routes non-square tile dimen-
sions.

Resistive Energy Modeling

The standard NeuroSim energy model (3.2) primarily captures capacitive dynamic
energy through the C'V?2 term, while resistive losses due to wire currents (I2R) are
not included in the energy calculations. For high-resistance devices such as FTJs,
these losses are typically small due to the low operating currents [28]. However,
as crossbar dimensions increase, the resistive dissipation in the interconnects can
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become increasingly significant. To account for this effect, the SubArray class
is extended to model ohmic losses in the wordlines and bitlines and take it into
addition of the energy consumption.

The resistive energy is computed by modeling the wordlines (WLs) and bitlines
(BLs) as distributed resistive interconnects, following the interconnect modeling
approach described by Weste and Harris [42]. For a single line, assuming a uniform
spatial distribution of active cells, the current decreases linearly with distance from
the row driver (or increases toward the column sink). The power loss for a single
interconnect carrying a specific line current I, is obtained by integrating the
square of the position-dependent current over the line resistance:

L

1

Piine = / I(x)*dR(z) = g.rﬁneRwire (4.21)
0

To determine the total resistive energy for the array, the power loss must
be summed across all parallel wordlines and bitlines. Unlike capacitive charging,
where a global current is often assumed, resistive loss occurs independently in each
active line. Therefore, the total dissipation is the sum of the losses in NV active
wordlines and M active bitlines.

The total resistive energy added to the simulation during a read operation is
formally expressed as:

N M
Eesistive = pmse Z Ly Rwr) +Z (1L, Rer) (4.22)
i=1 =1

If we assume a uniform current distribution where every active wordline carries
an average current Iwr, ave and every active bitline carries an average current
IB1, ave, the expression simplifies to:

tpulse
Eresistive = p31 (N ! IXQNL,angWL + M - I]%L,angBL) (423)

where t,u1sc denotes the read pulse width, Rwi, and Rpy, represent the resis-
tance of a single wordline or bitline, and N and M represent the number of active
rows and columns, respectively. It must be noted that this is a first order model,
based on strong assumptions. If more accurate values for IR drop are needed, then
a SPICE simulation is required to get a more accurate model.

456 Elmore Delay Model

The RC delay that accumulates in the bitlines and wordlines as the size scales
is not included in the standard latency calculations of NeuroSim. Thus, we have
added a first-order Elmore Delay model to the simulation, based on theory on
delay [42]. This comprises the distributed RC delay of the bitline wire and the
lumped RC discharge time of the memory cells.

1
Twire = §RBLCBL (4.24)
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where Rpp, is the total bitline resistance and Cpgy, is the total bitline capaci-
tance. The memory cells are modelled as a lumped resistive driver charging the
bitline capacitance, with a time constant defined as:

Tcells = ReffCBL (425)

where Reg represents the effective parallel resistance of the active memory
cells. The total bitline latency is derived by summing these terms. Furthermore,
we apply a scaling factor of 0.2 to the cell time constant. This is derived from
NeuroSim|[35], to account for the small-signal sensing margin (voltage swing ~ 18%
of VDD)Z

tBL = 0.2 - Teells + Twire (426)

457 Digital Adders

Because we use differential representation, the output needs to be reconstructed.
Furthermore, when using the Baseline and Symmetry designs, additional adders
are required. This has been implemented in NeuroSim, where we simulate:

6N for Baseline
N  for Symmetry  if using Real Input

2N for Merged

Magders = (427)
14N for Baseline

4N  for Symmetry if using Complex Input

2N for Merged

where:
e N is the size of the DFT.
e M is the total amount of digital adders.

For the real case, the differential outputs need to be reconstructed; thus, the
amount required is the same size as the output vector. Therefore, the Symmetry
design can suffice with only N adders, as only half the output is needed. However,
for the complex case, the number of adders is doubled for both Baseline and Sym-
metry, as the hardware is doubled. Then, a further step is needed to reconstruct
the output, as seen in (4.12). This requires 2N more adders and also needs to
be computed afterwards, thus doubling the latency for the adders specifically. It
should be noted that the differential reconstruction can also be done in the analog
domain, before the ADCs. However, because this is not possible in NeuroSim due
to limitations with digital values, we have chosen to do it in the digital domain.

For the Symmetry design, the conjugate properties are used to reconstruct the
full output. However, the imaginary conjugate is negative value of the calculated
value. Performing this subtraction requires inverting the input bits and setting
the carry-in bit high to achieve two’s complement negation. While this requires
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additional inverters, the hardware overhead is negligible compared to the multi-
bit adder itself. Therefore, the Adder module in NeuroSim is used to model both
addition and subtraction operations.

458 Latency

To be clear on our definitions, latency in this report is the total delay between
the first input cycle and the last output cycle. Specifically, it represents the total
end-to-end temporal delay of the hardware array, spanning from the exact start
of the first input at the peripheral circuits until the complete output is generated
and fully read out, which effectively constitutes the critical path for a complete
DFT operation.

459 ADC

There are two available ADCs to choose from in NeuroSim: a multilevel sense
amplifier or a SAR ADC. However, because we changed which device we use, we
opted for the SAR ADC. Otherwise we would have needed to explicitly model the
multilevel sense amplifier in a SPICE simulator, to then change the model used
in NeuroSim. Whereas the SAR ADC is scaled automatically, depending on the
device parameters.

45.10 Muxing in NeuroSim

NeuroSim supports the usage of Muxes, placed before the ADCs in their SubArray
module. The Mux is used to significantly reduce the area cost of ADCs. In the user
manual of NeuroSim [40], it is stated that the Mux can be used to share the read
periphery circuits among synaptic array columns. This is to make it more area
efficient. However, this will increase the latency, as time multiplexing is needed,
which will be controlled by the Mux Decoder. In our testbench, we have chosen to
simulate without a mux, to minimize the latency, at the cost of area usage. This
was done as for 5G and 6G technology, the latency is the more important metric.
To show the impact of muxing, we have performed an additional simulation with
16 columns per ADC.

4511 Assumptions made for HA Modifications

To enable the evaluation of the proposed designs within the simulation frame-
work, the following assumptions have been made regarding the device models and
physics.

e Distributed Interconnects: The wordlines and bitlines are modelled as
distributed resistive interconnects, assuming a uniform spatial distribution
of active cells to calculate resistive losses.

e Uniform Current Distribution: For the simplified resistive energy model,
it is assumed that every active wordline and bitline carries an average cur-
rent, rather than modeling the exact current gradient for every unique input
pattern.
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e First-Order Delay: The interconnect latency is approximated using a
first-order Elmore Delay model. In this configuration, memory cells are
modelled as lumped resistive drivers charging the total bitline capacitance.

e Hybrid Technology Scaling: As the 20 nm technology node is not na-
tively supported by the Hardware Analyzer, a hybrid modeling approach
is assumed. Physical parameters for the FTJ device are explicitly defined,
while the area and energy for peripheral circuitry are interpolated between
available technology nodes.

e Adder/Subtractor Equivalence: The hardware overhead required for
two’s complement inversion is assumed to be negligible compared to the
multi-bit adder itself. Therefore, the standard Adder module is utilized to
model both addition and subtraction operations.
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Chapter 5

Result & Discussion

The focus of this chapter is to present the simulation results and evaluate the
design parameters. First, a small DFT is simulated to figure out the impact of
parameters on a smaller crossbar. In the next section a large DF'T is evaluated for
real input. The investigation includes the impact of static IR drop on the larger
crossbars. This section also highlights how the energy consumption and latency
increases with larger inputs.

Finally tiling is explored as a potential solution to mitigate the IR drop noise
on the large DFT. The ADC quantization error, latency and energy consumptions
are considered together to find a tile size with balanced performance in these three
aspects.

5.1 Small Size DFT

The small 64-point DFT is assessed for real and complex input. All three de-
signs are compared to find the best one in terms of accuracy and PPA. Tradeoffs
are investigated by exploring different combinations for device., coefficient and in-
put bitwidth. In addition, the impact of static IR drop and conductance drift is
analyzed.

5.1.1 Accuracy

The total accuracy loss as shown in Figure 5.1 consists of two parts; the quanti-
zation error and hardware-induced accuracy loss.

Quantization

Figure 5.2 shows that quantization error is independent of design. It only depends
on the input and coefficient bitwidth, which also follows from how the quantization
is performed as described in Section 4.4.1. The trend that can be found in Figure
5.2 is that larger coefficient and input bitwidth creates smaller quantization error.
While the accuracy loss is larger for complex input compared to real input, the
trend remains. The quantization error for complex input is larger since both the
real and complex input vectors are subject to quantization noise.

45
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Figure 5.1: Normalized MSE of each design illustrating the impact
of coefficient and input bitwidth.

From Figure 5.2 we can also see that increasing the coefficient bitwidth beyond
8 bits leads to minimal improvement. Increasing the input bitwidth however has
large impact, even when increasing the coefficient bitwidth no longer improves the
accuracy

Hardware Non-ldealities

The hardware-induced accuracy loss refers to the effect of device and system non-
idealities and does not include the quantization error. In Figure 5.3 it can be seen
that the impact of input bitwidth on the accuracy does not appear to follow any
trend. It can also be observed that the bits per device and design parameters
play a larger role in affecting the hardware-induced accuracy loss. In general more
states per device experience better accuracy.

Coefficient bitwidth has a small impact on the accuracy. In the case 4 bits
per weight and a 4-bit device, Figures 5.3a and 5.3c, the accuracy is slightly worse
across the board compared to higher coefficient bitwidths. While for a 6-bit device,
Figures 5.3b and 5.3d, the impact of coefficient bitwidth is smaller. So for a 4-bit
device, introducing coefficient slicing has larger robustness to accuracy degradation
as a result of device non-idealities. And for a 6-bit device, coefficient slicing has
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Figure 5.2: Quantization error as a function of input and coefficient
bitwidth, expressed as normalized MSE.

little impact on hardware-induced accuracy loss.

Coefficient slicing has in fact been found to slightly improve the inference
accuracy of neural networks due to device variations cancelling each other out
when reconstructing the output [27]. Which might explain the slight improvement
of accuracy in the small DFT when coeflicient slicing is used. However the general
impact of coefficient bitwidth on the accuracy is very small.

The choice of design also affects the hardware-induced accuracy loss. The
Merged and Baseline designs have slightly worse accuracy performance compared
to Symmetry. This is expected since the Symmetry design employs far less hard-
ware as evident by Table 4.1. This trend is especially apparent for complex input,
where once again the number of memristors are far less in the Symmetry design
compared to the other designs. For real input the difference between designs is
less distinct. So while the crossbar size of the Baseline design is the smallest, it is
the total amount of hardware that mostly impact the hardware-induced accuracy
loss for small DFT. This is since IR drop effects on accuracy are hardly visible for
small DFT no matter the design.

For a 6-bit device the Merged design performs slightly worse than the Baseline
design despite using the same number of devices, while for a 4-bit device the
performance of these two designs are on par. This might stem from the Baseline
design requiring more ADC compared to the stacked architectures, which makes
the design potentially more susceptible to ADC quantization noise.

Combined Impact of Quantization and Hardware Non-Idealities

The total accuracy loss, presented in Figure 5.1, is how much the simulated DFT
are affected by both hardware and quantization effects combined. The total accu-
racy loss is roughly the sum of the quantization and hardware-induced accuracy
losss. However there can be instances where, on chance, the quantization and
hardware-induced accuracy losss compensate for each other and minimally de-
crease the total accuracy loss. For that reason, the total accuracy loss presented
in Figure 5.1 is the simulated DFT compared with the floating point reference
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Figure 5.3: Hardware-induced accuracy loss as a function of input
and coefficient bitwidth, expressed as normalized MSE.

model rather than the sum of the other two accuracy loss metrics.

In general all three designs perform similarly in terms of accuracy. Which indi-
cates that the quantization error is the largest part of the total accuracy loss since
quantization effects are only affected by weight and input bitwidth. In fact when
comparing the magnitude of quantization error, Figure 5.2, with that of the accu-
racy loss from hardware non-idealities, Figure 5.3, the hardware-induced accuracy
loss is of a magnitude of ~ 10~3 while the quantization error is of a magnitude of
[1072,107%]. From this follows that configurations where the quantization error
is low is more susceptible to hardware non-idealities. This is also evident from
the data in Figure 5.3 where the combinations with larger input and coefficient
bitwidths experience larger variation between designs.

The impact of increasing coefficient bitwidth to improve accuracy saturates at
6 bits. The reason for this is that the twiddle factors used for 64-point DFT can
be sufficiently represented by 6 bits. To improve the accuracy further, the input
bitwidth can be tweaked for larger impact. For real input the lowest accuracy loss
simulated is of 4.25 x 10~3 MSE and for complex input this is roughly 3 x 1073
MSE.
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Conductance Drift

The conductance of the memristor will slowly change its value with time. The
results for the conductance drift investigation is presented in Figure 5.4. Only
the result for a configuration with 4-bit device, 8-bit weights and 6-bit input is
presented in the figure, but the same behavior is observed for any combination of
parameters. In Figure 5.4 it can be seen that the hardware-induced accuracy loss
as a result of the conductance drift after one year is minimal compared with after
one second. This is also supported by the findings in [22].
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Figure 5.4: Hardware-induced accuracy loss as a result of conduc-
tance drift expressed as normalized MSE.

For complex input the Symmetry design appears to have a larger MSE at t = 1s
compared to after one year of drift as seen in Figure 5.5b. Since there is a certain
randomness to how the drift occur it might mean that the drift can improve the
accuracy by chance though compensating for the conductance variation. However
the impact of drift on the accuracy is less than 1072 MSE across the board. The
implications of this is that frequent re-programming of the devices is not needed.

IR Drop

In Figure 5.5 the hardware-induced accuracy loss for a 4-bit device with 8 bits
per weight and 6-bit input configurations are shown. The system-level impact of
IR drop are shown compared to ideal crossbars with no IR drop. Other system
non-idealities are also still simulated.

From Figure 5.5 the IR drop appears to have a small negative impact on the
accuracy for real input across all designs and slightly more impact on Merged
and Symmetry design for complex input. The IR drop effects on Baseline design
appears to have positive impact on the system accuracy. Note however that the
impact of IR drop very small and could be attributed to the random device-to-
device- and read variation. As such the impact of IR drop on small size DFT (even
for the Merged design) is found to be negligible.



50 Result & Discussion

w 0.005 w 7 .
2 £ 0.006 7
ool 9 W7
g g / /
5 0.003 3 0.0041 / /
£ £ V
.0 0 b
3 0.001 3 000 / / 4
2 772 IR drop 2 72 IR drop
0.000 s 5 0.000 s 5
e (e
vase e® c)\,m“‘et wese e 5\4m‘“e‘
(a) Real input (b) Complex input
Figure 5.5: Hardware-induced accuracy loss with and without IR
drop, expressed as normalized MSE.
5.1.2 PPA
Energy

In Figure 5.6, the comparison between the designs and using different parameters
can be seen. There we can see how the energy scales from using different coefficient
bitwidth for each device bitwidth, showing how the size of the crossbar is extended
if coefficient bitwidth is larger than bits per device due to coefficient slicing. We
can see that it is more energy efficient, regardless of design, to map 8 bits to two
4-bit devices, rather than two 6-bit devices. This is because the ADC resolution
will increase with the use of a device with higher device bitwidth according to
(2.12).

Increasing the input bitwidth inherently leads to higher total energy consump-
tion. This is due to the bit-serial nature of the input processing in the simulated
architecture, which requires the hardware to evaluate the data sequentially. Con-
sequently, for every additional bit of input precision, the hardware must remain
active for an additional cycles to complete the multiply-accumulate operations.
Because the active peripheral circuitry continuously consumes dynamic power dur-
ing each of these operation cycles, the total dynamic energy consumption of the
system increases linearly with the input bitwidth.

In Figure 5.7, the breakdown of the energy metrics can be seen, using a cho-
sen set of parameters. Looking at these, it is clearly seen that the ADC is the
component that uses the most energy. The ADC approximately consumes 80%
of the total energy, followed by the Shift-and-Add components that consumes ap-
proximately 15%. That is over 95% of the total energy consumed by peripherals.
Thus, the merged and Symmetry design consumes less energy than the baseline
design, due to the reduced number of ADCs. Furthermore, in the real case, the
Symmetry is even more energy efficient as it reduces the ADCs by half, compared
to the merged design. However, in the complex case, both the merged and Sym-
metry uses the same amount of ADCs, but since the merged design employs twice
the number of rows, it has a higher ADC resolution. This leads to a higher en-
ergy consumption of &~ 10% for the merged design compared to symmetry in the
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complex case.
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Area

Figure 5.8 compares the designs’ area usage, for different coefficient bitwidth, input
bitwidth, bits per device and for both the real and complex case. From this it can
been seen that input bitwidth does not impact the area. This is in fact due to how
NeuroSim handles input slicing, by multiplexing the input to the same hardware.
In theory it would be possible to extend the hardware and compute all bits at the
same time, thus reducing the latency but increasing the area costs.

In the Figure 5.9, the area breakdown of a small DFT can be seen for the
different designs. From this figure it is clear that the peripherals use the highest
amount of area, with the ADCs being the largest, followed by the switch matrix and
then the Shift-and-Add components. These three components take ~ 93% of the
total area. For the real case, the Symmetry design uses the least amount of area,
due to the reduced peripherals. However, for the complex case, the merged design
uses the smallest area, as it has the least amount of peripherals. The Symmetry
design is slightly larger, since it requires the use two switch matrices. In terms of
area, the merged design performs best because it uses the fewest peripherals.
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Figure 5.9: Plot of area breakdown for small DFT. (a) Real input
with 6-bit device, (b) Complex input with 6-bit device, (c) Real
input with 4-bit device, and (d) Complex input with 4-bit device.

Latency & Throughput

Looking at Tables 5.2 and 5.1, they show us the critical path of the DFT. The
critical path is the summation of the latency for the Switch Matrix, ADC, and
digital adders. It becomes very clear that the big bottleneck in terms of latency
is the ADCs. It must be noted that due to the input being done in bit-serial, the
Shift-and-Add components after the ADCs get pipelined. Therefore, they are not
included in the critical path.

The latency of the ADC is directly tied to its resolution. A higher resolution
requires more time to convert the analog value to digital. For the real case, both
Symmetry and merged design have the same latency and throughput, because
their ADC resolution is the same. However, in the complex case, the Symmetry
design is slightly faster. This is due to the rows being 4N for the merged, and 2N
for the Symmetry crossbars, which requires the merged design to utilize a slightly
higher ADC resolution.

The comparison of the latency and throughput for a small DFT can be seen in
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Figure 5.10. From this figure it is clear how the input bitwidth affects the latency.
Due to NeuroSim being unable to do multi bit input, it instead does bit-serial.
Therefore, requiring more cycles to process each bit of input. This is currently the
biggest impact to latency and throughput.

However, the coefficient bitwidth does not affect the latency, even though
coefficient slicing is needed for larger precisions. While slicing expands the physical
size of the crossbar, everything is still run in parallel. Increasing the array size
does introduce a slight RC delay to the wires, but this impact on the array latency
is practically negligible compared to the ADC bottleneck.
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Figure 5.10: Latency and Throughput for small DFT using a 6-bit

device, as a result of input bitwidth

Table 5.1: Latency breakdown (ns) for small DFT (6-bit device,
Weight=6, Input=6).

Design ADC Array Sw. Mat. D. Adders Total

Real Input
baseline  120.91 29.34 0.02 0.89 151.16
merged 120.91 29.34 0.02 0.89 151.16
Symmetry 120.91 29.34 0.02 0.89 151.16
Complex Input
baseline  120.91 29.34 0.02 1.77 152.05
merged 129.30 29.35 0.02 0.95 159.62
Symmetry 120.91 29.34 0.02 1.77 152.05

Muxing

The area overhead of peripheral circuitry can be heavily mitigated by introduc-
ing multiplexers (muxes) at the crossbar outputs. Table 5.3 illustrates this effect,
showing that configuring 16 bitlines to share a single ADC reduces the total sys-
tem area by 78%. This spatial efficiency, however, dictates a severe performance
trade-off. Because the shared ADC must process the column outputs sequentially
rather than in parallel, the overall latency increases significantly, resulting in a
proportionally lower throughput.

5.2 Single Crossbar Implementation of Large Size DFT

In this section we increase the size of the input to 1024 and investigate real input
DFT. In the previous section the symmetry design was found to be on par with
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Table 5.2: Latency breakdown (ns) for small DFT (4-bit device,
Weight=4, Input=6).

Design ADC Array Sw. Mat. D. Adders Total

Real Input
baseline 104.11 29.34 0.02 0.76 134.24
merged 104.11 29.34 0.02 0.76 134.24
Symmetry 104.11 29.34 0.02 0.76 134.24
Complex Input
baseline 104.11 29.34 0.02 1.53 135.01
merged 112.50 29.35 0.02 0.83 142.70
Symmetry 104.11 29.34 0.02 1.53 135.01

Table 5.3: Comparison of metrics with and without Multiplexing for
the Symmetry design (Complex Input, N = 64, 6-bit device,
wp=6, ip=6, 16 columns per ADC).

Metric Without Mux With Mux Change Factor
ADC Area (um?) 54041 3377 ~ —94%
Total Area (um?) 96732 21290 ~ —78%
Total Latency (ns) 150 2401 ~ +16x
Total Energy (pJ) 236 269 +14%

the others (or slightly better) in terms of accuracy and latency and with significant
energy and area savings for real input. As a result this section only considers the
symmetry architecture.

5.2.1 Accuracy

When increasing the size of the DFT beyond 64, there are a number of factors
that degrade the accuracy of the calculations. The key issues are quantization
and IR drop. In Figure 5.11 we can see the total accuracy as a result of increased
transform size. And in Figures 5.12 and 5.13 we can see the impact of hardware
non-idealities and quantization effects respectively. For clarity, Figures 5.11 and
5.12 are restricted to 8-bit inputs. Nevertheless, the observed behavior is consistent
across all considered input bitwidths.

Due to memory limitations on the workstations used for simulation, DFT
length of 1024 could not be simulated for coeflicient bitwidths that require coeffi-
cient slicing. From the trend shown in Figure 5.11 it is evident that for N = 512
the IR drop significantly impacts the accuracy of the DFT. For even larger trans-
form sizes the IR drop exacerbates the accuracy degradation, which is evident from
the data points that display N = 1024 without coefficient slicing in Figure 5.11.

So while there is no data to support it, large DFT with coefficient slicing is
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Figure 5.11: Normalized MSE with and without IR drop simulation
for different DFT lengths and coefficient bitwidths.

expected to have even worse accuracy with the larger crossbar utilized on account
of more devices per weight.

Quantization

Increasing the DFT size to 1024 increases the number of twiddle factors involved,
which in turn raises the precision required to keep the coefficients separable and
prevent them from mapping to the same conductance values. Additionally the
inputs also need to be sufficiently represented to ensure differentiation between
values.

From Figure 5.13 we can see that in order to achieve similarly low quantization
error for N = 1024 to that of N = 64 a large input and coefficient bitwidth both
are needed. Increasing both the input and coefficient bitwidths to 8 pushes the
quantization error beyond 1072 and establishes low base error and sets up more
tolerance for hardware non-idealities.

Hardware Non-ldealities

The effect of hardware non-idealities is far more pronounced for larger transform
sizes. In Figure 5.12 the impact of hardware non-idealities have been isolated.
Simulations with and without IR drop are plotted to highlight the effect of IR drop.
Take into account that the crossbar size of the Symmetry design is 2IV x 2N. So
for N = 256 the crossbar dimensions are in fact 512 x 512 (without any coefficient
slicing).

In previous analyses (Section 5.1.1) it was found that larger crossbar designs
experience some inaccuracies due to the accumulated accuracy loss from device
non-idealities. However for the Symmetry design and larger transform size it
appears that this effect is not very noticeable. IR drop on the other hand is a
significantly larger portion of the hardware-induced accuracy loss for N > 256. For
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Figure 5.12: Hardware-induced accuracy loss with and without
IR drop simulation for different DFT lengths and coefficient
bitwidths expressed as normalized MSE.

coefficient bitwidths larger than the bits per device, where coefficient slicing occurs,
the IR drop is particularly large. Note that due to the increased computation time
when simulating IR drop, only one set of inputs was simulated. This results in
some randomness in the plotted values. This is likely why the values in Figure
5.12 for N = 64 do not correspond exactly to those in Figure 5.3.

Combined Impact of Quantization and Hardware Non-Idealities

The total impact of the quantization and hardware non-idealities combined are
found in Figure 5.11. Simulations conducted with and without IR drop are pre-
sented to demonstrate that IR drop is the primary cause of the observed accuracy
degradation. Figure 5.11 illustrates that increased coefficient bitwidth will not
necessarily improve the accuracy. This stems from the magnitudes of the two er-
ror components; quantization error might be small for larger coefficient bitwidths,
but the hardware-induced accuracy loss is several times larger and dominates the
total error due to IR drop in larger crossbars.

For 1024-point DFT the MSE is right around ~ 1 for the smaller coefficient
bitwidth where no coefficient slicing is used. Larger input bitwidths where coef-
ficient slicing is used is likely subject to even more IR drop and will experience
larger accuracy loss. And as a result, unless this magnitude of error is acceptable,
large DFT implemented in a single crossbar is not viable with regard to accuracy.

5.2.2 PPA
Energy

Scaling the DFT size significantly impacts energy consumption. The trend, i.e.
the linear scaling of the energy can be seen in Figure 5.17. This behavior is
expected, as the power-hungry peripherals of both the ADCs and Shift-and-Add
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Figure 5.13: Quantization error comparing N = 64 and N = 1024,
input and coefficient bitwidth.

components increase in both quantity and required resolution. Furthermore, the
energy contribution of the memristors becomes more pronounced at larger sizes,
as illustrated in Figure 5.15. This trend in array energy is attributed to capacitive
switching, which follows a quadratic scaling law due to the number of memristors
increasing quadratically. Notably, however, the IR drop remains negligible even
at N = 1024. This effective mitigation of IR drop, is due to the specific FTJ
device characteristics [28], where the extremely high device resistance results in
low currents, thereby minimizing the energy cost associated with IR drop. In
Table 5.5, this can been as reducing the tile size, does not reduce the energy cost
of the array. A 2048 x 4096 crossbar, consumes 211.3 pJ, while multiple smaller
64 x 64 tiles together consume 211.2 pJ.

In Figure 5.17 it can be seen that, using two 4-bit devices is more optimal, in
terms of energy and area, than two 6-bit devices, when 8-bit is used as coefficient
bitwidth. This is true for all sizes N € {64,128, ...,1024}.

Area

The area scales as expected as seen in Figure 5.17, with an increase in DF'T size
leading to larger peripheral circuitry. Double the size of the DFT, double approx-
imately the cost of area. Although the memristor array grows quadratically with
N, the total footprint remains dominated by the peripherals. As N increases, the
resolution of the required ADCs increases logarithmically (2.12). Higher resolution
requires physically larger ADCs, ensuring they remain the primary contributor to
the total area, as seen in Figure 5.16.

Latency & Throughput

Latency increases with the DFT size primarily due to the increased ADC resolution
requirements. A larger transform size results in a larger accumulation of current,
necessitating higher resolution ADCs to avoid clipping and quantization error,
which in turn take longer to convert. However, the throughput (MS/s) remains
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and coefficient bitwidth. The design is Symmetry for real only
input. (Note: The lines for the 4-bit device overlap perfectly.)

relatively high because the crossbar processes the larger vectors in parallel as can
be seen in Figure 5.18. Increasing the size of the DFT increases the amount
of samples computed, and therefore, the throughput increases for large N, even
though latency increases.

The IR drop does not significantly affect the latency, as the delay is dominated
by the ADC conversion time rather than the RC delay of the wires. In Figure 5.19,
a full breakdown of each latency is shown, and how they are affected by larger size.
There it is clearly seen the low impact of RC delay on the Array Latency, which
barely gets higher. This behavior is explained by the properties of our chosen FTJ
device, specifically its low conductance [28].

5.3 Employing Tiling for Large Size DFT

By analyzing the large DFT implemented in a single crossbar it is evident that
the Symmetry design cannot accurately support 1024 input size due to IR drop.
Even without coefficient slicing the dimensions of the crossbar are subject to large
distortions due to IR drop. Increasing the bit width of the weights would double
or even triple the number of bit-lines and render the output unusable.

To address this problem we investigate splitting the crossbar into smaller tiles
which are subject to IR drop to a far lesser extent. First we explore square tiles
to map out the general considerations for tiling. Then, using the insights from
square tiles we find a more optimal tile shape and size for improving accuracy.
The observed behavior is consistent across all considered input bitwidths. Unless
otherwise specified, Figures in this chapter are limited to 8-bit inputs for brevity.
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5.3.1 Square tiles

Accuracy

In Figure 5.20 the total accuracy loss of 1024-point DFT with different tile size T
are compared. Contrary to intuition the smallest tiles do not result in the least
accuracy loss. In theory, the accuracy in larger tiles should deteriorate due to
IR drop. However, in Figure 5.20 IR drop only impacts the accuracy loss when
coefficient slicing is employed, which leads us to consider other factors that might
impact the accuracy.

The usage of tiles introduces a multitude of ADCs compared to using a single
crossbar. The output of each ADC is subject to quantization error. Smaller tile
sizes require more ADCs which contribute to larger accuracy degradation. In Table
4.2 the number of tiles used for large real input Symmetry design as a result of
tile size T is shown. The number of ADC operations performed on a single output
element depends on how many tiles are placed in the vertical direction. As shown
in the table, doubling the tile size results in half the amount of ADCs.

Bear in mind that the quantization error as a result of the weight and input
bitwidths remains unchanged when tiling. This observation clarifies how device
non-idealities, together with the additional quantization error introduced by extra
ADC conversions during tiling, shape the overall accuracy loss distribution shown
in Figure 5.20. Consequently, the best accuracy is found for the tile size T' = 512.
For a 4-bit device using 8-bit input and coefficient bitwidth the accuracy loss is less
than 2 x 102 MSE. Which is a significant improvement compared to the accuracy
loss of the single crossbar.

PPA

Tiling with square tiles has an interesting effect on the PPA values, and this
is mainly due to how NeuroSim handles multiple crossbars. As can be seen in
Table 5.4, both area and energy massively increase with reduced tile size. This is
unfortunately due to NeuroSim placing ADCs after each crossbar; thus, the more
crossbars required for smaller tiles, the more ADCs are placed. These peripherals
have a massive energy cost, as seen in Table 5.5. This occurs despite the ADCs
having reduced resolution, as the resolution is decided by the size of the tile.
Without this limitation, it would have been possible to connect all tiles in the
analog domain, thus greatly reducing the need for and costs of peripherals.

There is a strong negative correlation between tile size and resource consump-
tion. As the size of the tiles decreases, the total number of tiles increases quadrat-
ically to support the full N = 1024 matrix. Thus, we get this massive overhead of
energy and area costs with decreased tile size, and the breakdowns in Figure 5.22b
and Figure 5.22a show us exactly how much each component costs. Interestingly,
for tile size T' = 64, the Switch Matrix is the dominant cost in terms of area,
while having negligible energy cost compared to the ADCs and Shift-and-Add
components.

Conversely, there is a positive correlation between tile size and latency, mean-
ing smaller tiles yield faster execution. As shown in Table 5.4, the total latency
decreases as the tile size shrinks. This is primarily due to the reduced requirements
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on ADC resolution. According to (2.12), a smaller tile size requires fewer quantiza-
tion levels, which allows ADCs to complete the conversion faster. The breakdown
in Figure 5.23 confirms that the ADC latency (red bar) decreases significantly for
smaller tiles (T' = 64) compared to the large tile size of (T' = 1024).

Table 5.4: Impact of Tile Size (T") on PPA Metrics for Large DFT
(N =1024). For Weight=8, Input=8 and a 6-bit device

Tile Size (T) Total Area (um?) Total Energy (pJ) Latency (ns) Throughput (MS/s)

64 66.4 x 106 162,869 190.0 5,390

128 27.4 x 106 91,279 201.3 5,088

256 12.1 x 106 50,871 212.5 4,818

512 5.8 x 106 28,236 223.8 4,576

1024 3.0 x 10° 15,639 235.0 4,357

Single CA (2048) 1.5 x 108 8,649 246.3 4,158

Table 5.5: Breakdown of Energy Components vs. Tile Size (N =
1024, Weight=8, Input=8, 6-bit device).

Tile Size (T) Array Energy (pJ) ADC Energy (pJ) Total Energy (pJ)

64 211.2 116,058 162,869
128 211.2 66,150 91,279

256 211.2 37,389 50,871

512 211.2 20,978 28,236

1024 211.3 11,695 15,639

Single CA (2048) 211.3 6,483 8,649

5.3.2 Rectangular Tiles

In the previous sections it was found that employing square tiles makes the cal-
culation subject to large ADC quantization noise. To address this the number of
vertical tiles should be minimized. Due to this we investigate tile shapes that make
use of only one or two vertical tiles and vary the number of horizontal tiles to find
out whether there is a shape that improves accuracy and power consumption.

To compare the accuracy of rectangular tiling to square tiling the MSE as a
result of the tile width is plotted in Figure 5.24. Once again the plot only . Two
rectangular tile heights are investigated, 1024 and 2048, which corresponds to two
and one ADC per output element respectively. From this plot it is further evident
that the ADC quantization is the main issue for square tiling.

For smaller tile widths the rectangular approach by far outperforms the square
tiles. And since the effect of IR drop is consistently low for all rectangular tiles
there is hardly any gain in terms of accuracy for changing the width of the tiles. In
fact the square tile approach converges with the higher rectangular tile approach
for tile width 512.

There is also a stark difference between using one or two vertical tiles. The
shorter rectangular tiles experience less IR drop and has a persistently higher
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accuracy despite employing more ADC. In conclusion, the accuracy loss for tiled
crossbars are mainly decided by the number of ADC conversions unless the tile
size induces large amount of IR drop. The accuracy loss for rectangular tiles
with 7' = 1024 x 512, with input = coefficient bitwidth = 8 and a 4-bit device,
is around 1.6 x 1072 MSE. Which is a marginal improvement compared to the
2 x 1072 MSE for square tiles. As previously stated, rectangular tiling is not
supported by the Hardware Analyzer. So while we leave more in depth evaluation
for further research, we will discuss what potential energy savings can be obtained
from rectangular tiling.

As established in Figures 5.22a and 5.22b, peripheral circuitry, specifically the
ADCs, dominates area and energy consumption. A tile height of 1024 will require
the same number of ADCs and the same ADC resolution as for square tiles of
height and width 1024. Consequently, there is no energy gain to be found for this
shape of tile. However, taller tiles of height 2048 require half the amount of ADCs
compared to square and rectangular tiles of height 1024. This should translate
to roughly half the ADC energy of tile size 1024 as illustrated by Table 5.5. In
terms of accuracy the total accuracy loss is at 1.9 x 1072 MSE. Note that this
rudimentary analysis does not consider how the need for other peripherals change
with the shape and size of the tiles. More in depth research will have to investigate
the viability of differently shaped tiles.

5.4 Comparison to Conventional Hardware Architecture

There are many optimized implementations of the FFT. To contextualize our
results, we compare our proposed Compute-In-Memory (CIM) architecture against
the ultra-low voltage FFT core utilizing super-pipelining developed by Seok et al.
[43]. Their highly optimized 1024-point complex FFT, fabricated in a 65 nm
CMOS process and operating at an aggressive 0.27 V to minimize power, reported
an energy consumption of 17.7 nJ per transform.

In comparison, our single-crossbar Symmetry implementation consumes ap-
proximately 8.65 nJ (as seen in Table 5.4), which is roughly half the energy. It
must be noted that this is not a direct one-to-one comparison. Our design utilizes
a smaller 20 nm technology node, and conventional digital hardware does not suf-
fer from the analog accuracy degradation inherent to memristor implementations.
However, the architectural advantages of the CIM design remain clear. Even when
compared to a conventional hardware specifically optimized for ultra-low energy at
the cost of speed, our approach avoids the von Neumann bottleneck entirely. This
in-memory parallelism allows the Symmetry design to maintain competitive en-
ergy efficiency while delivering a massive improvement in performance, exceeding
the conventional hardware’s throughput by approximately 1,700%.
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Chapter 6

Conclusions

In this chapter the findings of this report is presented along with a number of
tradeoffs for balanced performance in terms of accuracy and PPA for small and
large DFT. Additionally, the simulator choice is motivated.

6.1 Simulator Choice

The choice of using NeuroSim as a simulator was decided for the following reasons:
e Due to its suitability for configuring a DFT implementation.
e Being able to precisely configure what memristor device to use.

e Getting all relevant metrics, such as accuracy and PPA.

6.2 Trade-Offs

Depending on the application, energy consumption might be more important than
accuracy, or perhaps latency could be the bottleneck in the system. In the discus-
sion these performance metrics are discussed separately. But in reality tradeoffs
between accuracy, energy consumption and latency are required for a feasible sys-
tem. In this section we aim to find a combination of parameters which provides
balanced performance in these three aspects. First the designs and system param-
eters are evaluated for small DFT. Then the best design is assessed with tilling for
large DFT.

6.2.1 Small DFT and Design Evaluation

For small DFT, the three designs are found to in general have very similar accuracy
with the Symmetry design outperforming the other two slightly for complex input
as found in Section 5.2.1. In terms of PPA the Symmetry design is also found
to be slightly less power hungry, and to have the smallest area. The latency is
essentially the same across the designs with the exception of complex input for
Merged design which is marginally less. In conclusion, the Symmetry design is
more optimal or on par with the other designs with regards to accuracy and PPA.

71
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As such the conclusions and tradeoff suggestions for the other design metrics are
made with the Symmetry design in mind, unless otherwise specified.

From the analysis in Section 5.1.1 it is evident that increasing the coefficient
bitwidth for small DFT beyond 6 bits has insignificant impact on the accuracy.
And while increasing the coefficient bitwidth does not in itself increase the energy
consumption or latency, coefficient bitwidths larger than the bits per device will
introduce more devices in the crossbar due to coefficient slicing. Meaning that
there is a benefit to choosing the larger device bitwidth which can represent the
entire 6 bits of weights in a single device. However, more programmable bits per
device will increase the need for ADC as evident by (4.16).

To compare the tradeoff between increasing bits per device (and in turn the
ADC resolution) versus increasing number of devices (due to coefficient slicing)
with constant coefficient bitwidth in terms of energy we compare the configuration
A with a 6-bit device, and 6 bits per weight with configuration B with a 4-bit
device, and 6 bits per weight. Despite the increased energy in the ADC due to
larger device bitwidth, configuration A slightly outperforms B as seen in Figure
5.6.

Now that the optimal bits per device and coefficient bitwidths have been de-
cided we move to investigate the optimal input bitwidth. Due to the bit-serial
nature of the input, increasing the input bitwidth will increase the energy con-
sumption linearly. So while the input bitwidth will seriously improve the accu-
racy, the additional energy consumption might not be justified. In Figure 6.1 the
energy consumption and accuracy for the Symmetry design with configuration A
is compared to find a tradeoff for input bitwidth. We can see that the accuracy
improves less when increasing from 6 to 8-bit input, while the energy is signifi-
cantly increased. Depending on the system requirements more or less bits can be
used in the input to optimize for either power consumption or accuracy.
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Figure 6.1: Impact of input bitwidth on accuracy, energy consump-

tion, and latency for the Symmetry architecture with a 6-bit
device and coefficient bitwidth.

In conclusion, the Symmetry design overall shows the best properties compared
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to the designs for both real and complex input. For small DFT 6 bits is sufficient
to represent the twiddle coefficients. And for 6 bits per weight, configurations
with 6-bit devices outperform 4-bit devices. Finally, the accuracy is minimally
improved by increasing the input bitwidth beyond 6 bits, where we find a good
tradeoff between smaller accuracy loss and large energy consumption. Table 6.1
summarizes the performance metrics of this configuration of parameters.

Table 6.1: Performance summary for the Symmetry design using a
6-bit device and 6-bit input and coefficient bitwidth.

Metric Real Input Complex Input
MSE 4x107° 8 x 1073
Energy (pJ) 131 264

Area (um?) 54 126 110 312
Latency (ns) 160 160

Lastly, IR drop was found to be negligible for the crossbar sizes employed for
small DFT. And the conductance drift found to not impact the accuracy one year
after programming the devices. The peripheral circuitry, especially the ADC, are
identified as largest contributors to area, latency and energy consumption.

6.2.2 Large DFT and Tiling Evaluation

For the large DFT, around ~ 1 MSE is attributed to large IR drop as seen in
Figure 5.11. If higher accuracy is desired, the 1024 point DFT cannot be viably
implemented with a single crossbar using the Symmetry design due to the IR drop.
While the IR drop does not noticeably affect the energy consumption, it does have
a pronounced impact on the accuracy. Tiling can mitigate this issue. Using square
tiles the best accuracy can be obtained with 4-bit deviced and input and coefficient
bitwidth = 8 and T = 1024, as presented in Figure 5.20. However, comparable
accuracy can be achieved with T'= 512 and a 6-bit device.

By consulting Figure 5.21 we find that 4-bit devices and T' = 1024 slightly
outperform any other combinations with respect to both area and energy. In
terms of latency the trend is reversed. Larger tile sizes require higher resolution
ADC which lead to larger latency. Even so, this increase is logarithmic to the
size of the tile. Figure 6.2 highlights this relationship. So while the latency is
slightly increased with large tile sizes, the energy and area is significantly smaller.
In conclusion, unless the latency is the most critical aspect of the system, Square
tiles with 7" = 1024 is the best option in terms of both PPA and accuracy. And in
applications where latency is critical, such as in wireless communication, Figure
5.21 can be consulted to find the parameters to suit the system requirements.

The two bottlenecks for managing performance in tiled crossbar arrays are IR
drop and ADC quantization. Rectangular tiles can potentially mitigate the ADC
quantization error by requiring fewer tiles in the horizontal direction. In Figure
5.24 this speculation is confirmed. The accuracy showcased by rectangular tiles
with height 1024 consistently surpass square tiles thanks to fewer ADC conversions.
Yet further increasing the tile height to 2048, thereby requiring only a single
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Figure 6.2: Impact of square tile size on accuracy, energy consump-
tion, and latency for the Symmetry architecture with a 4-bit
device and 8-bit coefficient and input bitwidth.

ADC conversion, does not lead to additional improvement. Instead, accuracy
degrades as a result of the increased IR drop within the crossbar. However, since
tiles of height 2048 require half the amount of ADCs there is a large potential
energy saving to be found for the taller tiles. But since the HA does not support
rectangular tiles there might be other considerations that complicates the usage of
the taller tiles. The accuracy is slightly worse than the other tile configuration at
1.9 x 1072, So if an accuracy degradation of this magnitude is acceptable, further
investigations for tiles of size 2048 might prove useful.

Table 6.2: Real input large DFT with and without tiling compared

to small DFT.
MSE Energy (pJ) Area (mm?) Latency (ns)
Small DFT 4 %1073 131 0.05 160
Large DFT 1 8 649 1.52 246
Square tiles 2 x 1072 15 638 2.95 235
Rectangular tiles 1.2 x 1072

6.3 Key Metrics Evaluation

The previous section outlines a number of design choices that creates a good
balance between accuracy and energy consumption, area and latency. By tweaking
some key metrics, the performance in the system can be tailored to the application
specific requirements. This section summarizes our findings for how key metrics
affect the performance of the DFT.
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e Input bitwidth - due to the bit-serial nature of the input in the proposed
design the input bitwidth has a proportional impact on the energy consump-
tion and latency. Decreasing the input bit width will degrade the accuracy
but have potential to lower latency and create energy savings.

e Coefficient bitwidth - the required coefficient bitwidth is constrained by
the size of the DFT, as larger transforms require higher precision to distin-
guish between closely spaced twiddle factors. For N = 64 and N = 1024, 6
and 8 bits were found to be sufficient to represent the twiddle coefficients.

e ADC resolution - larger ADCs consume more energy. If the inputs are
biased, the ADC resolution could potentially be lowered with maintained
accuracy.

e Crossbar size - crossbars of width and height = 1024 or larger experience
non-negligible degradation of accuracy due to IR drop. Larger crossbars
typically require higher ADC resolution.

e Tile shape - few large tiles require less peripheral circuitry which has a
positive effect on accuracy and energy consumption. On the other hand,
latency is increased with larger arrays.

e Device - memristor devices with high resistance ensures lower IR drop.
Low conductance variability and drift, high separability between states and
near-linear behavior are other properties that enable accurate performance.

e Bits per device - the number of programmable states used in a memristor
is an important factor in deciding the ADC resolution. Furthermore, the
device bitwidth determines the number of devices used per weight which
increases the size of the crossbar.
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Chapter 7

Further Work

In this chapter some potential further investigations are suggested. We propose
potential architectural techniques for minimizing inaccuracies due to device non-
idealities. Then a number of future additions to address the limitations of the
chosen simulator are suggested along with some areas for improved fidelity in the
simulations.

7.1 Encoding Schemes and Mapping of Inputs and Weights

In this work, the mapping of coefficients to devices is optimized from the LSB to
MSB method, as outlined in Section 2.3.4, to improve robustness towards device
non-idealities. Other more involved mapping techniques could potentially be used
to further minimize the impact of device imperfections. In [6], the proposed map-
ping scheme effectively eliminates the bit error rate. Investigating this or similar
mapping schemes could potentially enhance the accuracy of the DFT.

The mapping of input to voltages could also be further explored. If the in-
put distribution is skewed, densely populated input regions could be assigned a
wider voltage range to improve separability and resolution. Differential represen-
tation was selected for encoding in this project in part because of the inherent
robustness to device non-idealities. This design choice requires larger crossbars.
Other methods of encoding could be explored to find out if similar accuracy can
be achieved but with less energy consumption. In [6], the offset representation
was implemented with 18% less area and 57% less energy consumption compared
to the differential representation. Moreover, the usage of dummy columns to deal
with non-ideal LRS was removed from the BS due to incompatibility with one-
dimensional input. Another interesting investigation would be to compare imple-
mentations with and without the dummy column, especially in combination with
the different encoding schemes.

7.2 Simulator Extensions

7.2.1 Analog Components

In the current version of NeuroSim, there are no analog components capable of
connecting crossbars in the analog domain. An example of such a component would

7
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be a current-to-voltage converter, like a transimpedance amplifier (TIA). Future
work could implement these components to improve PPA metrics and enable fully
analog DFT architectures, such as the one proposed by Mahdavi [1].

A critical extension for future versions of NeuroSim is supporting analog-
domain differential subtraction. Currently, the differential subtraction of (I &
I7) must be reconstructed using digital adders. If NeuroSim is expanded to allow
connecting bitlines before the ADC, this computation could be performed in the
analog domain. This upgrade would effectively halve the required number of ADCs
and completely eliminate the need for digital adders in the merged design, as well
as the symmetry design for real inputs. Implementing this feature is essential for
future research to simulate fully optimized custom circuits, thereby bypassing the
pessimistic area and energy overheads caused by digital summation.

7.2.2 Rectangular Tiling Support

As noted in our PPA evaluation, the Hardware Analyzer natively supports only
square tiling. When simulating rectangular tiles, the floorplanning algorithm in-
correctly instantiates and routes the non-square dimensions. Updating NeuroSim
to support rectangular tiling would allow for direct hardware simulations of topolo-
gies that minimize vertical crossbar fragmentation, which would significantly re-
duce the ADC area overhead.

7.2.3  Multi-Bit Input Support

Currently, the Hardware Analyzer of NeuroSim is strictly limited to 1-bit per cycle
input bitwidth. Due to this bit-serial processing, increasing input bitwidth leads
to a linear increase in latency and dynamic energy. Adding support for multi-bit
input processing, utilizing multi-bit DACs, would drastically reduce latency. For
example, processing 2 or 4 bits per cycle would allow us to perform a tradeoff
analysis to determine exactly how many bits can be processed concurrently before
the noise causes unacceptable accuracy degradation. There are also some draw-
backs to this method since multi-bit DACs are also quite costly in terms of PPA.
Additionally, multi-bit inputs will increase the required ADC resolution. In order
to thoroughly explore this design choice, the ADC and DAC energies must be
properly modeled.

7.3 Improve Simulation Fidelity

Despite the extensions introduced in this work, the NeuroSim simulator exhibits
inherent limitations in modeling accuracy. To improve simulation fidelity, several
areas for further development have been identified.

e ADC energy modeling: The energy model for ADC in NeuroSim is sim-
plified and assumes linear increase in energy consumption as the resolutions
grows. This is a simplification as larger resolutions, beyond 8 bits, can have
a larger than linear increase in energy consumption. Improved ADC mod-
eling is essential for informed tradeoff analysis and may support the use of
tiling to lower ADC resolution requirements.
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e ADC error: NeuroSim currently only support quantization and truncation
in the device expert mode. Incorporating noise data from simulations or real
life measurements could promote more realistic simulation results.

e Dynamic IR drop: The chosen simulator setup only supports simulation
of static IR drop. Extending it to include dynamic IR drop simulation is a
natural next step toward higher simulation fidelity.

e Resistive loss and delay modeling: Our current models for calculating
resistive loss and the Elmore delay, are based on strong assumptions. To
improve the accuracy of these values, SPICE simulations would be needed
to create more accurate models for our designs.
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