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ABSTRACT

Cryogenic computing - operating at or below 4 K - has emerged as a promising
solution to address the scalability issues of quantum computers, which currently rely on
room temperature controller and memory units. In addition, cryogenic computing offers
unique advantages for high-performance computing and deep space exploration. Various
technologies, including non-superconducting, superconducting, and hybrid, have been
explored. However, each of these technologies has significant limitations. Non-
superconducting devices suffer from low speed and high power consumption, while
superconducting systems based on Josephson junctions (JJs) face severe scalability issues
due to flux trapping and inductive coupling. Hybrid systems, meanwhile, lack efficient
interface circuitry to integrate superconducting and non-superconducting technologies.

This dissertation utilizes two unique technologies: superconducting devices
(ferroelectric superconducting quantum interference devices (FE-SQUIDs) and heater
cryotrons) and topological devices exploiting the quantum anomalous Hall effect, to
develop a suitable cryogenic computing platform. First, we demonstrate a non-volatile
FE-SQUID-based memory with voltage-controlled operation, high scalability, and
separate read-write paths. Using the same device, we develop a voltage-controlled
superconducting logic family that addresses the limited fanout and cascadability issues of
existing current-controlled logic circuits. We further present a cryogenic in-memory
computing architecture based on FE-SQUIDs to reduce data movement and cooling costs
associated with von Neumann systems. Additionally, we design a ternary content
addressable memory (TCAM) using FE-SQUIDs which supports exact search without
any peripheral circuitry, as well as nearest-match operations through Hamming distance
calculation.

We also explore the reconfigurable potential of heater cryotron devices. A single
cryotron circuit is shown to execute multiple 1-, 2-, and 3-input logic operations without
any structural changes, enabling logic camouflaging for enhanced hardware security.

Finally, this dissertation is the first to utilize topological devices in circuit and system-
level applications. Leveraging the quantum anomalous Hall effect, we develop a scalable,
non-volatile, and ultra-low-power memory system. This topological memory is also
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capable of performing both basic and complex in-memory computing tasks, further

advancing the development of a practical and efficient cryogenic computing platform.
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CHAPTER 1
INTRODUCTION
1.1 Cryogenic Computing

Silicon-based complementary metal-oxide-semiconductor (CMOS) technology now
allows us to accommodate more than tens of billion transistors on a single chip (for
example, Cerebras Wafer Scale Engine 2 with 2.6 Trillion transistors [1]). However, this
aggressive scaling comes with a price- an exorbitant power dissipation reaching the
physical limit. For example, in 2018, about 205 TWh of electricity was consumed by the
US data centers [2]. To circumvent this issue, numerous ‘beyond-CMOS’ technologies,
such as superconducting single flux quantum (SFQ) electronics, are being explored. SFQ
circuits and systems based on superconductive devices [e.g., Josephson junctions (JJ) and
superconducting quantum interference device (SQUID)] are generally faster and more
energy-efficient than the CMOS counterparts [3], thanks to the dissipation-less current
flow in superconductors. Ultrafast and energy-efficient superconducting SFQ circuits,
coupled with lossless and low dispersion interconnects, have significantly improved
performance in different applications such as digital radio frequency receivers [4], [5],
high-end computing [6], and so on. However, the large-scale development of
superconducting circuits and systems needs a suitable cryogenic computing platform that
can preferably operate at or below 4 K.

Going beyond the conventional computing paradigm, the importance of a suitable
cryogenic computing platform is felt in quantum computing as well. Quantum computers
promise to solve commercial and scientifically important problems that the current
classical computers can hardly handle in a realistic timeframe. For instance, accurate
simulation of large molecules for the development of new drugs and eco-friendly
manufacturing processes now requires unrealistic time due to the exponential scaling of
the complexity in classical computers. However, these simulations can be performed with
a quantum computer in polynomial time [7]. Moreover, quantum computers can
significantly accelerate number theory, algebraic, and optimization problems [8].

A typical quantum computer has three major components: quantum substrate (qubits),

a control processor, and a memory block [9]. Fig. 1.1(a) illustrates the organization of a
1
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Figure 1.1. (a) Existing architecture of current quantum computers where control
processor and memory are placed at room temperature. The use of (b) 77 K and (¢) 4 K
control processor and memory blocks to facilitate the scaling of quantum computers to
thousands of qubits to achieve the dream capability.

scalable quantum computer proposed in Ref. [10], [11]. In quantum computing, qubit is
the basic unit of quantum information realized with a two-state device. To protect the
quantum states of the noise-sensitive qubits, they are placed at a few milli-Kelvin
temperature[12]-[17]. In the current lab size quantum computers, control processor and
memory blocks are placed at room temperature. Long control cables are required to
connect the qubits with the control processor and the memory. Although this architecture
works fine for a small number of qubits, it cannot be scaled to a few hundred qubits
because it would require a large number of wires to establish a connection between the
room-temperature components and the qubits at cryogenic temperature, particularly
because each qubit might need an individual control [9]. For example, a recent
experiment reported the requirement of 200 wideband coaxial cables, 45 microwave
circulators, and a rack of electronic circuits to control only 53 qubits. Moreover, the wires
and interconnects connecting the room temperature blocks with the qubits would have a
large temperature gradient (around 300K) which generates thermal leakage to the noise-

sensitive qubits.



For a large-scale quantum computer with thousands of qubits, the resulting effect of
this thermal leakage can be destructive to the qubit states. Note, the quantum computer
needs to be scaled up to thousands of qubits to utilize its full potential. For example, to
run Shor’s algorithm for prime factorization[8], which is a textbook quantum algorithm,
on a 1024-bit number in a quantum computer, two quantum registers (one with 2048
qubits and another with 1024 qubits) are required. To circumvent this scaling issue, the
control processor and the memory blocks should be placed at a temperature very close to
that of the qubits [18]. There are two possible options to place the control processor and
the memory blocks- 77 K (Fig. 1.1(b)) and 4 K (Fig. 1.1(¢c)). Placing these blocks at 4 K
will have lower thermal leakage and require a smaller number of wires and interconnects,
and hence, better scalability compared to the 77 K option. Placing them at 4K will also
allow the use of dissipation-less superconducting interconnects. Although there is a small
thermal leakage, placing them at 77 K will need = 200 times lower cooling cost than the
4 K option [13].

Cryogenic computing is also perfectly suited for high-performance computing (HPC)
[19]. It has been known for many years that the energy demand of data centers, and
supercomputing facilities around the world will reach an alarming level by the year 2030
[20]. As shown in Fig. 1.2(a), the energy demand is forecast to grow exponentially every
year. On top of it, the energy demand for Al systems is increasing exponentially. A recent
report suggested that Al could soon need as much electricity as an entire country [21].
These alarming statistics make it more compelling to look for drastically different
platforms to design the computing fabric for HPC systems. Moreover, as shown in Fig.
1.2(b) (adapted from [22]), no CMOS-based technologies are capable of simultaneously
meeting the power budget and performance target of the Department of Energy’s
exascale goal. However, superconducting technology has the potential to achieve this
goal even with lower power requirements thanks to the extreme energy efficiency of
superconducting devices. As shown in Fig. 1.2(c), the superconducting devices
outperform CMOS technology in terms of power consumption and switching delay by a
significant margin [23], [24]. Besides, the use of superconducting interconnects solves

the issues of resistive dissipation, residual heating, and voltage degradation. Considering
3
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Figure 1.2. (a) Exponential growth of energy demand in high-performance computing
every year. (b) Comparison of different technologies in terms of achieving the DOE’s
exa-scale goal. (¢) Comparison of superconducting and CMOS technologies in terms of
power consumption and switching delay.

these, the overall superconducting HPC system will exhibit substantial energy savings
even after considering the cooling cost [25].

Finally, cryogenic computing is a natural fit for designing space electronics. The
recent boom in the space industry pioneered by private space exploration companies,
notably SpaceX, has opened endless opportunities for future space applications, which
inevitably require more and more computing power. It is even possible to place an HPC
server in space [26]. JJ and SQUID-based cryo-equipment have been used in several
spacecrafts [22], [27]. The utilization of cryo-devices has enabled these spacecrafts to
work with the electromagnetic radiation emitted by celestial objects over a wavelength
range that is difficult to work with from the ground. Superconducting electronics,
integrated into digital receivers featuring high-speed analog-to-digital converters, digital
signal processing units, and ultra-low power readout electronics, further enhance their
utility in cryogenic sensors and systems like transition edge sensors and

microcalorimeters.



1.2 Overview of Existing Technologies

To develop a suitable cryogenic computing platform, various technologies like non-
superconducting, superconducting, and hybrid technologies have been explored. Fig. 1.3
presents a summary of the existing cryogenic technologies.

1.2.1 Non-Superconducting Technologies

Room temperature non-superconducting technologies like CMOS transistors,
memristors, ferroelectrics, and spintronic devices, have been characterized at cryogenic
temperatures to examine their capability as a cryogenic computing platform. The use of
non-superconducting technologies for cryogenic applications provides high technological
maturity and high scalability. Moreover, it has been reported that the cryogenic
environment improves the performance of CMOS devices and circuits. The speed
improved by 40% to 50% and the power dissipation reduced by 30% (depending on the
circuit operation) for digital circuits at 4 K compared to the room temperature [28].
Cryogenic temperatures also reduce the leakage current substantially and improve carrier
mobility [29]. More details on the cryogenic performance of non-superconducting
technologies can be found in [12], [13], [23], [30], [31].

Despite notable improvement in the performance of non-superconducting technologies
in cryogenic environments, they suffer from low-speed and high-power consumption
issues. For cryogenic temperatures, there is a tight power budget. For example, the upper
power limit for 0.1 K and 10 K temperatures are 10 mW and 100 mW, respectively.
Therefore, high-power consumption of non-superconducting technologies becomes a
significant challenge and limits the scalability within the power limit. As a result, the use
of non-superconducting technologies at cryogenic temperature in different applications
might become the eventual bottleneck, limiting the scalability. Additionally, for targeted
applications like quantum computing, high-performance computing, and space
electronics, the low speed of non-superconducting technologies is a major concern. For
example, in quantum computing, the control processor and memory need to be fast

enough to satisfy the time constraints dictated by the short qubit coherence time.
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Figure 1.3. Overview of existing cryogenic computing technologies.

1.2.2 Superconducting Technologies

Unlike the non-superconducting technologies, superconducting devices and circuits
can operate at ultra-low temperature (4 K) with high speed (hundreds of gigahertz) and
low switching energy (0.1-1 atto-Joule) [9] (Fig. 1.2(c)). Therefore, superconducting
technology is an obvious choice for cryogenic applications and various technologies like
JJ, SQUID, magnetic JJ, cryotron, superconducting memristors, and superconducting
transistors have been extensively explored. The superconducting devices and circuits are
compatible in terms of speed and power requirements of the targeted cryogenic
applications. However, they suffer from several pressing challenges. Trapping of
magnetic flux is one of the major issues for the superconducting circuits [32]-[34].
Typically, the trapping of magnetic flux occurs during the cooling process when the
metal films transform into a superconducting state. The trapped fluxes affect the
superconducting circuits in two ways- (i) can either penetrate JJs or (i1) can couple with
magneto-sensitive gates [32]. The first step to prevent flux trapping is to shield the
earth’s magnetic field which cannot solve the problem completely. Therefore, it is
necessary to keep some space on the superconducting chips so that frozen vortices remain
far from the magneto-sensitive portions of the chips [33]. Now, most of the JJ and
SQUID-based superconducting circuits need inductive coupling which are magneto-
sensitive. Therefore, this flux trapping imposes a limitation on the integration density of

JJ and SQUID-based circuits. Another major issue arises from the requirement of current
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bias for the superconducting devices which limits the fanout capability of
superconducting logic circuits to one. To achieve a higher number of fanouts, additional
circuitry (current splitter) is needed which negatively impacts the area efficiency and
energy efficiency of the system.

1.2.3 Hybrid Technologies

To combine the advantages and solve the challenges of non-superconducting and
superconducting technologies, hybrid systems have been proposed. The hybrid design,
which utilizes the best features of each technology, is a promising approach to develop a
suitable cryogenic computing system [35]. The hybrid method has mostly been utilized
for developing cryogenic memory systems. In this approach, highly scalable non-
superconducting memories are used as the storage element, and JJ-based
superconducting devices are used to access them. Fig. 1.4(a) illustrates the concept of
implementing a hybrid memory system that combines high scalability and maturity of
non-superconducting technologies with high-speed and low-power operation of
superconducting devices. Fig. 1.4(b) shows the high-level block diagram of a hybrid
memory system where a dynamic random-access memory (DRAM) was used as the
storage element [35], [36]. Similar memories have also been proposed with static
random-access memories (SRAMs) [37] and magnetic random-access memories
(MRAMs) [38], [39].

However, finding a suitable electrical interface between the non-superconducting and
superconducting devices is a major concern for hybrid systems. The interface circuits are
mainly cryogenic amplifier circuits that amplify millivolt signals of Josephson circuits to
volt-level signals required for CMOS circuits. Superconducting amplifiers [40],
semiconducting amplifiers [41], and hybrid superconductor-semiconductor amplifiers
[35] are being explored to find suitable Josephson-CMOS interface circuits. Designing
these interfaces is challenging and requires future research. Their speed and energy

demand must not impose any additional bottlenecks.



Non-Superconducting

Superconducting

» High Scalability

* Poor Scalability

(b)

_|_WLRead

| Interface Circuit

| |

* Matured Technology « High Speed o BL Decoder
° LO.W Speed * Low Power é E
* High Power + Compatible with = &
m .
@

* Not Compatible with
SFQ technology

SFQ Technology

N

1 1 e0 000 .
. Address 2
Scalability and Maturity L8 n el el Ty 5 2 ] ¢ ¢ ¢
Power - = 5 T3 ° °
4= g [}
o m,-:, g I Memory Cells
g = B * * (s6X256) ©
E 8 = . . 64kb o
Suitable Interface [ =
Data— = 'g . ° °
l | Iy
s ducti | e0 000
Hybrid Syst uperconducting CMOS
(a) W] EEEET | Technology Technology Outputo—']osephson Current Sensor

Figure 1.4. (a) Illustration of a hybrid memory system, where high scalability of non-
supercomputing technology is combined with high speed and low power of
superconducting technology. (b) Example of a hybrid memory system for cryogenic
applications proposed in [35]. Here, 3-transistor DRAM is used as the memory element
and JJ-based circuits are used as the access scheme.

1.3 Contributions of this Dissertation

The primary goal of this dissertation is to utilize the unique properties of topological
and superconducting devices to develop a suitable cryogenic computing platform. We
utilize the unique quantum anomalous Hall effect (QAHE) observed in topological
devices, ferroelectric-controlled SQUID device (FE-SQUID), and heater cryotron to
develop non-volatile memory, voltage-controlled Boolean logic family, reconfigurable
logic circuit, and in-memory computing systems for cryogenic applications. We adopt
experimentally calibrated simulation approach to verify the designed circuits and systems
using the above-mentioned unique devices. We develop compact models for devices and
simulation frameworks to perform circuit and system-level simulations. A brief overview
of the major contributions of this dissertation is as follows-

(a) We utilize the unique characteristics of FE-SQUID to design a non-volatile memory

array for cryogenic applications, which provides high scalability and the advantages



of separate read-write paths [42].

(b) We use this same device to design the very first voltage-controlled superconducting
Boolean logic family which solves the single fanout and limited cascadability issues
of the existing current-controlled designs [43].

(c) We leverage the highly energy-efficient read operation and separate read-write path
capability of FE-SQUID-based memory system to develop a cryogenic in-memory
matrix-vector multiplication system, which can be helpful for the hardware
implementation of machine learning algorithms and can reduce the cooling cost with
higher energy efficiency [44].

(d) We develop cryogenic ternary content addressable memory using FE-SQUID
technology which allows exact search operation without needing additional complex
peripheral circuitry [45].

(e) We design a reconfigurable logic circuit using only one heater cryotron device
which allows us to perform various 1-, 2-, and 3-input logic operations without
needing any modifications in the layout of the circuit. This provides higher area
efficiency and better security against reverse engineering attacks [46].

(f) We utilize topological devices for exploring their circuit and system-level
applications for the very first time. We use the QAHE phenomenon observed in
topological devices to develop a non-volatile and ultra-low-power cryogenic
memory system [47].

(g) We design a novel peripheral circuitry for the QAHE-based memory system to
empower it for performing the basic Boolean logic operations where we demonstrate
the unique benefits of QAHE and QAHE-based memory array for performing in-
memory computing [48].

(h) We utilize the same memory array to perform a complex in-memory computing task,
which is bit-serial addition. Here, we first design a QAHE-based in-memory
majority function where the use of QAHE phenomenon allows us to use a simple

voltage comparator circuit as the peripheral circuitry [49].



1.4 Organization of this Dissertation

The rest of the dissertation is organized as follows. We first discuss the use of a
superconducting device (FE-SQUID) for designing various computing components for
cryogenic environment. The use of FE-SQUID to design a non-volatile memory array, a
voltage-controlled Boolean logic family, in-memory matrix-vector multiplication system,
and ternary content addressable memory are presented in Chapter 2, Chapter 3, Chapter
4, and Chapter 5, respectively. Then, we discuss how we utilize the superconducting
heater cryotron device to design a cryogenic reconfigurable logic circuit in Chapter 6.
Next, we focus on the utilization of topological devices to design various circuits and
systems. In Chapter 7, we present how we use the unique QAHE phenomenon observed
in topological devices to design a non-volatile memory system. In Chapter 8 and Chapter
9, we discuss how we utilize the QAHE-based memory system to perform various in-
memory Boolean logic operations and bit-serial addition with majority logic,
respectively. Chapter 10 concludes the dissertation and provides an overview of future

works.
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CHAPTER 2
CRYOGENIC MEMORY ARRAY BASED ON FERROELECTRIC
SUPERCONDUCTING QUANTUM INTERFERENCE DEVICE
2.1 Introduction

As highlighted in Chapter 1, a suitable cryogenic memory, capable of operating
at/below 4 K, is a prime requirement for developing a large-scale quantum computing
system with thousands of qubits, an energy-efficient high-performance computing
system, a compatible aerospace electronic system. In addition, a key requirement for the
storage device of a quantum computer is its high storage capacity. The state-of-the-art
quantum algorithms require a large number of arbitrary rotations which eventually
necessitate a large program memory [9]. Furthermore, to preserve the data integrity of the
qubit states, the qubits undergo continuous error correction schemes [9], [12]; it requires
extensive memory and bandwidth. In this quest, decades of research efforts have given
rise to three major categories (and several sub-variants) of cryogenic memories based on
non-superconducting, superconducting, and hybrid technologies [9], [13], [23], [35],
[50]-[52]. However, each of these technologies suffers from its own unique challenges.
Non-superconducting memories provide high scalability and high technological maturity
but suffer from low-speed and high-power consumption. On the other hand,
superconducting memories are extremely energy efficient but poorly scalable. Till date,
the largest JJ-based superconducting memory that has been experimentally demonstrated
has a storage capacity of only 16 KB. To combine the advantages of these two
technologies, hybrid memories were proposed, but they need a suitable interface circuit to
connect the non-superconducting circuits with the superconducting circuits, which
remains a challenge.

To address the issues of existing cryogenic memory technologies, we utilize a unique
device, ferroelectric SQUID (FE-SQUID), to develop a suitable cryogenic memory
system, which we discuss in this chapter. This device allows us to control the
superconducting to resistive switching of SQUID with the ferroelectric polarization
which can be controlled by suitable voltage biases. FE-SQUID-based cryogenic memory
provides several advantages, including non-volatility and voltage-controlled write

11



operation due to the use of ferroelectric material, separate read-write path capability, high
scalability, and high energy efficiency due to the use of SQUID.
2.2 Ferroelectric SQUID

Superconducting devices such as JJ and SQUID are typically fast (hundreds of giga-
hertz operating frequency) and highly energy-efficient (atto-joule switching energy) and
hence, have been utilized in different applications [53]. Researchers have tried
continuously to introduce gate-tunability to these superconducting devices. The efforts
include utilizing ionic liquid [54], [55], integrating ferromagnetic components [56]—[58],
and so on. Although the integration of ferromagnetic components allows non-volatile
tunability, magnetic tunability limits the scalability of the circuits and systems. Therefore,
it has remained an unsolved challenge to introduce a convenient gating mechanism and
voltage control in these devices. Recently, a new technique has been demonstrated that
uses a ferroelectric material to tune the superconductivity of SQUID [59]. Ferroelectric
materials show voltage-controlled non-volatile switching of the polarization. Therefore,
the incorporation of the ferroelectric material introduces voltage-controlled non-volatile
switching of the critical current of the SQUID which opens a lot of possibilities for
utilizing this device at the circuit/system level. This device also offers better scalability
compared to the existing superconducting devices like JJ, SQUID, magnetic JJ, and so
on.

In FE-SQUID, a planar SQUID built with two weak links in parallel is fabricated on
top of a ferroelectric material (schematic and symbol shown in Fig. 2.1(a)). The choice of
superconducting and ferroelectric materials depends on lattice matching between them
[60], [61]. Ref. [59] demonstrated a FeSQUID device by fabricating a 15 nm thick
aMogSi,, planar SQUID and 70 nm thick PbZro2Tip803 (PZT) interface on a 15 nm
thick SrRuO; bottom electrode. Ferroelectrics are dielectric materials that can retain
polarization switchable by external voltage/electric field. Fig. 2.1(b) shows the voltage-
controlled non-volatile switching of the Prr of a PZT ferroelectric. In a ferroelectric
material, internal Prg translates into a surface charge that induces an electric field and
injects direct charge [62]. Now, when a SQUID is fabricated on top of a ferroelectric, the

superconducting layer screens the charge bound in the interface. This bound charge in the
12
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Figure 2.1. (a) Device structure and circuit symbol of FE-SQUID. (b) Polarization-
voltage characteristics for the PZT ferroelectric along with the validation of the
developed compact model with the experimental results. (¢) Current-voltage
characteristics of FE-SQUID. Two polarization states of the ferroelectric leads to two
levels of Ic. (d) Effects of ferroelectric polarization on different device characteristics of

FE-SQUID.
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surface of the interface (¢p Pg. dA, where Pr is the remnant Prz and 4 is the surface area)
directly depends on the remnant Prr — negative Pr (Pg ) increases the bound charge in
the surface of the interface whereas positive Pg (P ) results in an opposite effect [59],
[60]. The resulting change in the carrier density impacts the critical temperature (7¢) and
hence, the superconducting energy gap (A). The dependence of A on 7¢ is given by
Bardeen—Cooper—Schrieffer (BCS) theory [63], [64]-

A (T) = 1.763k,T, tanh <2.2 /% - 1>, (1)

where T is the temperature and k3 is the Boltzmann constant. According to the
Ambegaokar—Baratoff (AB) theory [65], A(T) determines the critical current (Ic) as

given by-

A A
r0rs B GD), (2)

where ¢. is the charge of an electron and Ry is the normal state resistance of the

IC:

SQUID. Therefore, based on the two non-volatile polarization states of the ferroelectric
(controlled by voltage), two levels of /¢ are observed in the /- characteristics of the
SQUID- P and Pj states of the ferroelectric lead to high (I nigr) and low (I¢,iow) Ic for
the SQUID, respectively (Fig. 2.1(c)). The effects of Prg states on different
characteristics (such as T, A(T), I, and Ry) are shown in Fig. 2.1(d).
2.3 Heater Cryotron-based Selector

To develop a working FE-SQUID-based memory array, 27ron [66], [67] is used as the
access device which allows us to individually access any specific cell in the array. hTron
is a four-terminal device, where the gate and the channel are superconducting nanowires
(Fig. 2.2(a)). The channel and gate are normally superconducting and can be made
resistive by applying a sufficient current through the gate. The gate here acts as the heater
for the channel. When the gate current (I;) exceeds its switching current (Igy,), it starts to
generate thermal phonons which are carried to the channel to create a hotspot. This effect
suppresses the superconductivity of the channel and reduces its critical current. Now,
with the increase of the gate current, when the channel critical current becomes lower

than the channel current, the channel switches to the resistive state. Fig. 2.2(c) shows the
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gate current-controlled switching of the channel. 4Tron is utilized to control the current
flow through any specific path in the FE-SQUID-based memory array.
2.4 Ferroelectric SQUID-based Memory Array

Fig. 2.3(a) shows the schematic of FE-SQUID-based memory array, where each cell is
formed by connecting an 4 7ron in series with FE-SQUID. Here, we connect all the
ferroelectric gate terminals of FE-SQUIDs in the same column with a write word line
(WWL). Similarly, all the gate terminals of ~Trons in the same column are connected
with a read bit line (RBL). The channels of 4#Trons are connected row-wise with a read
word line (RWL). Finally, the other terminals of FE-SQUIDs (that are not connected with
hTron) are connected row-wise with a source line (SL).

Fig. 2.3(b) shows the biasing scheme to write and read a specific cell, (2, 2) marked
by a green rectangle, in an m X n FE-SQUID-based memory array. As shown in Fig. 2.1
(b), we can apply suitable voltage biases (positive and negative) across the ferroelectric
material to perform the write operations (write ‘1’ and ‘0’, respectively) in an FE-

SQUID. As a result, to write into a specific memory cell that is manipulating the

polarization state of the ferroelectric material of that FE-SQUID cell, we utilize g biasing

scheme [47]. We apply suitable biases (+Vy g/ or @) to the write word lines

(WWLs) and source lines (SLs) in a way so that only the accessed cell ((2, 2) cell in this
cell) gets +VyyrirE across its ferroelectric. For this biasing, half-accessed cells, that are in
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Figure 2.3. (a) Schematic of FE-SQUID-based memory array. (b) Biasing scheme to
access the (2, 2) cell in the array for write and read operations.

the same row or column with the accessed cell (marked by orange rectangles), get

+ ¥2Vwrire, and unaccessed cells, that are not either in the same row or column with the
accessed cell (marked by red rectangles), get 0 V across them. To ensure that only the
accessed cell undergoes the intended write operation, we need to carefully choose the
write voltage following this condition - (Y2|Vyyrire| < |coercive voltage, V| <
Vwrire|)-

As shown in Fig.2.1(c), if a suitable current (I¢, 10w < I < I¢ pign) is applied to the
SQUID, we will get superconducting (0 V) and resistive (nonzero voltage) state for Py
and Pg, respectively. For read operations, we utilize this characteristic and apply suitable
bias current through the SQUID of the accessed cell. First, all the WWLs and SLs are
kept grounded. Then, RBLs are first biased (with current) in such a way that all the
hTrons in the same column with the accessed cell remain superconducting, but the other
hTrons turn resistive. Next, when the read current (Izg4p) is applied to the corresponding
RWL, the hTron of the accessed cell channels it through that cell only and the SQUID
generates either Vsoup = 0 (for P7) or Vsouip = Iggap Ry (for P*). Here, Izgap needs to

be selected carefully. The condition to select Irgap 18- I¢ Low < Irpap < I Hign- These
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voltage levels can be sensed using cryogenic sense amplifiers (SA) to identify the stored
binary data [51].
2.5 Modeling and Simulation Framework

We develop a circuit compatible compact model for FE-SQUID in Verilog-A and
calibrate that with experimental data. Fig. 2.4 shows the modeling approach for FE-
SQUID. We first model the non-volatile switching of ferroelectric polarization using the

following Preisach model equation-

Ps+Pp
Ps—Pp

Pri = Pstanh [s-In (F252) (Bpe F Ec) + Pogy, 3)

where Ps, Pr, and P,y are the saturation, remnant, and offset polarizations,
respectively. Ec and Ergrepresent the coercive and applied electric fields across the
ferroelectric, respectively. Here, we extract the values of different parameters used in
equation (3) from the experimental result (reported in Ref. [59]) for a Led Zirconate
Titanate (PZT) ferroelectric. Fig. 2.1(b) shows the validation of the Prg-V characteristics
of PZT obtained from the experiment reported in [59]. Next, we phenomenologically
(look-up-table-based approach) implement the dependence of Tc on Prr using the
information mentioned in Fig. 2.1(d) obtained from [59]. Then we use equation (1) to
calculate A(T) and subsequently equation (2) to calculate /c of the SQUID. Finally, we
model the /-V characteristics of the SQUID by utilizing the resistively and capacitively

shunted junction (RCSJ) model, as given by the following equation-

~ 0, <1,
V‘{IxRN,Izlc )

Next, we develop a LUT-based phenomenological compact model for the #7ron
device. In each time step, the model takes applied gate and channel currents as input and
based on the value of the gate current, reads the corresponding channel critical current
from the LUT. Finally, the model compares the applied channel current with the channel
critical current obtained from the LUT and determines whether the channel will switch or
not. Using these two compact models of FE-SQUID and i Tron devices, we develop a
simulation framework in HSPICE, which we utilize to demonstrate the write and read

operations in the proposed memory array.
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Figure 2.4. Modeling approach of FE-SQUID.

2.6 Simulated Memory Operations

Fig. 2.5 shows the simulated write and read operations of (2, 2) cell in the FE-SQUID
memory array. Figs. 2.5(a) and (b) show the ferroelectric voltage of the accessed, half-
accessed, and unaccessed cells during write ‘0’ and ‘1’ operations, respectively, resulting
from the biasing scheme mentioned in Fig. 2.3(b). During write ‘0’ (‘1’) operation, we
initialize all the cells in the array in the logic ‘1’ (‘0’) state. As seen in Figs. 2.5(d) and
(e), Ppg state (and hence, I) of only the accessed cell is switched where other cells
remain in the previous state.

And, to read from any memory cell, we utilize the 27Trons connected in series with the
FE-SQUIDs to flow the read current only through the accessed cell. We first apply
Isy, (100 puA) to RBLs in a way so that all the #7rons except the one connected with the
accessed cell become resistive. Therefore, the applied current to the RWL flows through
the accessed cell only. Fig. 2.5(c) shows the RBL and RWL biasing, and Fig. 2.5(f)

shows the corresponding SQUID voltage of the accessed cell during read operation.
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Figure 2.5. Temporal dynamics of the ferroelectric voltage of accessed (ACC), half-
accessed (HA), and unaccessed (UA) cells during (a) write ‘0’ and (b) write ‘1’
operations. Switching of Prr and Ic of the cells during (c¢) write‘0’ and (d) write‘1’
operations. Time dynamics of (¢) RBL and RWL biasing, and (f) SQUID voltage of the
accessed cell.

2.7 Comparative Analysis

Our proposed cryogenic memory array based on FE-SQUID combines the benefits of
non-superconducting ferroelectric and superconducting SQUID technologies and hence,
provides several advantages, including non-volatility, high scalability, voltage-controlled
operation, and separate read and write path capability. To highlight the advantages of the
FE-SQUID-based memory system, in Table 2.1, we present a qualitative comparison
with the major cryogenic memory technologies reviewed in [23].
2.8 Summary

We proposed a scalable cryogenic memory array, combining the unique characteristics
of an FE-SQUID, and an #Tron. FE-SQUID-based memory array offers non-volatility,
scalability, operation controlled by voltage, high energy efficiency, and the capability of
separate read and write paths by combining the benefits of non-superconducting
ferroelectric and superconducting SQUID technologies. Moreover, contrary to the

conventional SC memory topologies, our design averts using inductive coupling and
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Table 2.1: Comparison with Major Cryogenic Memory Technologies

Technolo Cryogenic Magnetic . FE-SQUID
Criteriagy CyMgOS JJ §J Hybrid (This ?’Vork)
Speed Low High High Medium High
Power High Low Low Medium Low
Non-volatility Yes/No No Yes Yes/No Yes
Inductive Coupling No Yes Yes No No
Magnetic Bias No No Yes No No
Separate Read-Write Yes/No No No No Yes
Paths
Voltage Control Yes No No Yes/No Yes
Scalability High Poor | Unknown | Medium High

bulky peripheral circuits. The programming voltage can be reduced by adopting a

different ferroelectric material (e.g., HZO), or by using a thinner ferroelectric layer.
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CHAPTER 3
VOLTAGE-CONTROLLED LOGIC FAMILY WITH FERROELECTRIC
SUPERCONDUCTING QUANTUM INTERFERENCE DEVICE
3.1 Introduction

The idea of superconducting electronics was first put forward in the 1950s with the
effort of building magnetic field-modulated superconducting wires [53], [68]. The
requirement of extremely low temperature was one of the major roadblocks for the
superconducting devices to be used in practical applications which now becomes an
advantage, thanks to the recent interests in superconducting qubit-based quantum
computers and space electronics [9], [17], [23], [69]. Superconducting logic circuits can
significantly improve the performance of the control processor in quantum computers and
aircrafts for space exploration [9]. Even in classical computing, superconducting
processor shows immense potential.

Over the last few decades, several superconducting logic devices [46], [68], [70]-[78]
have been introduced. All of these except JJ have been limited within the basic
characterization. JJ has been successfully utilized in a wide variety of applications due to
its high speed (hundreds of gigahertz) and low power consumption (sub-al/bit). However,
JJ-based circuits suffer from challenges: (i) the manipulation of single flux quanta causes
issues while driving large impedances or fanning out digital signals, (i1) difficulty in the
fabrication of uniform JJs over a wafer and the effects of magnetic field limit the distance
between two JJs and hence, the integration density [79]. Another disadvantage
(particularly to logic circuits) of two-terminal JJ and SQUID is that the absence of
resistance in superconductors hinders the voltage biasing and hence, superconducting
devices cannot offer convenient gating mechanisms like the semiconducting transistors.
Therefore, there has been a significant amount of effort to implement a gate-tunable
superconducting device [68], [72]-[74], [77].

In this chapter, we present a voltage-controllable cryogenic Boolean logic family
based on FE-SQUID, which will allow the close integration of logic and memory blocks
since both logic and memory can be designed using the same device. Therefore, there

will be no mismatch between the logic and memory blocks in terms of speed, power
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consumption, and fabrication process which will also reduce the ‘memory wall’

bottleneck [44], [48], [49], [80], [81]. The major contributions of this work are outlined

below-

e Designing the first voltage-controlled superconducting logic circuits.

e Solving the issues of single fanout and the need for extra current splitter circuits in
current-controlled superconducting logic designs.

e Utilizing the interaction between FE-SQUIDs and /4 7rons to ensure that both input
and output values match, allowing one logic gate's output to drive the next input.

3.2 Design Methodology of Logic Circuits

We use the voltage-controllability of SQUID’s superconductivity (shown in Figs.
2.1(a)-(c)) to design the basic Boolean logic gates for cryogenic applications. Table 3.1
illustrates how we utilize FE-SQUID to design logic gates. Here, we use the polarization
states (P; and P#) of the ferroelectric to define the logic states (logic ‘0’ and ‘1°,
respectively) which can be switched by applying suitable voltage input. Although the
coercive voltage of PZT is ~3 V (Fig. 2.1(b)), in our design, we use much larger voltage
as the input (—6 V or +6 V for logic ‘0’ and ‘1’, respectively) to ensure that the
ferroelectric remains in either P or PR . These voltage levels can be reduced using
different ferroelectric materials with scaled dimensions. In our design, logic ‘0’ and ‘1’
correspond to Ic nigh and Ic,iow, respectively (Fig. 2.1(c)). Now, if we bias the FeSQUID
with a bias current (I¢ jow < I < I¢ pign), FeSQUID with logic 0” (‘1”) input corresponds
to superconducting (resistive) state of the SQUID. Based on the state of the SQUID, the
bias current will flow either through the SQUID or through the external circuitry. We
harness this phenomenon to design the FeSQUID-based logic gates.

For any logic gate, a crucial requirement is the capability of handling fan-out. For a
cascadable logic system, the outputs of the logic gates should be able to drive the inputs
of the next stage. Now, for FE-SQUID, to drive one gate by the output of another gate,
the output voltage needs to be sufficiently large to set the intended polarization in the

ferroelectric of the FE-SQUID in the next stage. As seen in Fig. 2.1(d), the /¢ values of
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Table 3.1: Design Methodology of FE-SQUID-based Logic Circuits

Biasing Condition to SQUID (Fixed): I¢ 10w < I < I¢ pign
Logic State VFE Pre Device State
‘0 -6V Negative (Py) Superconducting
‘1 +6V Positive (P7) Resistive

FESQUID are 2.6 uA and 4 pA, and the values of Ry are 0.95 k() and 1.75 kQ for Py
and Pg, respectively. For proper operation of the copy gate shown in Fig. 3.1(a), the
value of the external resistance (R) needs to be chosen in a way so that when the FE-
SQUID becomes resistive, almost all the bias currents flow through R. Also, we have to
choose a bias current so that it satisfies the condition- I¢ ;o < I < I¢ pign. Here, we
choose 3.2 uA and 10 Q for 7 and R, respectively. For these chosen values, we get

~31 uV (0 V) for logic ‘1’ (‘0’) at the output of the copy gate shown in Fig. 3.1(a) which
are not sufficient to drive the FE-SQUID of the next stage. To circumvent this issue, we
utilize hTron [51], [66] at the output of each logic gate to develop a cascadable logic
system based on FE-SQUIDs. Fig. 2.2 shows the schematic and the I-V characteristics of
hTron. After using hTron (the working principle of the designed logic gates is discussed
later), the output voltage of the copy gate becomes —6 V and +6 V for logic ‘0’ and ‘1°,
respectively as required to drive the FeSQUID of the next stage (Fig. 3.1(b)).

3.3 Working Principle and Functional Verification

In this section, we discuss the working principle and functional verification of the FE-
SQUID and hTron-based Boolean logic circuits. For the verification, we utilize the same
simulation framework discussed in Section 2.5 of Chapter 2, which was developed with
the compact models of FE-SQUID and /4 7ron.

First, we developed 1-input Copy gate where the input is applied as the voltage across
the ferroelectric. Fig. 3.2(a) shows the schematic of the Copy gate. In case of logic ‘0’
(—6 V) applied to the input and suitable bias current (/) is applied, the FE-SQUID shows
Ic nign (>1) and becomes superconducting (Fig. 3.2(b)). Therefore, almost all the bias
current flows through FE-SQUID and the #Tron gate does not get enough current to

switch the channel to its resistive state (Fig. 3.2(b)). Due to the proper biasing of 4#Tron,
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Figure 3.1. (a) Schematic of a Copy gate using a FeSQUID. The output of this
configuration is not sufficiently large to drive the input of the next gate and hence, this
configuration is not cascadable. (b) Modified version of the Copy gate of (a) where a hTron
is used to convert the output voltage to the same level of the input so that two or more logic
gates can be cascaded.

Copy Gate Simulated Results

1

1

'3.2pAY R 0.24mA  3.2pAY R 0.24mA 3.2pAy R 0.24mA EIZ 6
1 |

| B

i ouT t ouT ouT !> g
:—( —X X —( !
1IN IN IN VCH :I -6
1

1

1

1

1

1

(Logic ‘0) (Logic ‘1") !
(@ = =6V (b) J" J—-G A% (V]

0.24mA IN—(

NOT Gate

5 0w
2k
=
=
=
w
|N
x =
il
=
w
N
I

_______________________________________________________________________________

Figure 3.2. (a) Schematic of FeSQUID-based Copy gate. Working principle of the Copy
gate for (b) logic ‘0’ and (c) logic ‘1’ at the input. (d) Schematic of FeSQUID-based
NOT gate. Working principle of the NOT gate for (e) logic ‘0’ and (f) logic ‘1’ at the
input. Green and red colors correspond to the superconducting and resistive states,
respectively. (g) Simulated results for the 1-input Copy and NOT gates.
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we get logic ‘0’ (—6 V) at the output. Now, for logic ‘1’ (+6 V) at the input, FE-SQUID
becomes resistive, driving most of the bias current to the gate of #7ron which switches
the channel to its resistive state (Fig. 3.2(c)), and hence, we obtain logic ‘1’ (+6 V) at the
output.

Next, we design the NOT gate whose schematic is presented in Fig. 3.2(d). In the
NOT gate, the gate of the ~2Tron is connected in series with the FE-SQUID. Therefore,
for logic ‘0’ (—6 V), FE-SQUID becomes superconducting and passes enough current to
the gate of #Tron which consequently switches the channel to its resistive state and we
get logic ‘1’ (+6 V) at the output (Fig. 3.2(e)). For logic ‘1’ (+6 V) at the input, the exact
opposite scenario occurs for the FE-SQUID and A Tron, and we get logic ‘0’ (—6 V) at
the output (Fig. 3.2(f)). Fig. 3.2(g) presents the simulation results for the 1-input Copy
and NOT gates, showing the successful operations.

Having discussed the 1-input gates, next we discuss the 2-input AND and OR gates
where we use two FE-SQUIDs and apply the inputs as voltages across the ferroelectric
materials of the FE-SQUIDs. Fig. 3.3(a) captures the schematic of the AND gate where
we connect two FE-SQUIDs in parallel and hence, if any of the FE-SQUIDs become
superconducting (‘00°, ‘01°, and 10’ cases), most of the bias current flows through that
and deprives the ATron gate to get enough current to switch the channel to its resistive
state (Figs. 3.3(a) and (b)). Consequently, we get logic ‘0’ (—6 V) at the output.
However, for the ‘11’ case at the input, both the FE-SQUIDs switch to the resistive state
driving the bias current through the #77on gate which makes its channel resistive and
creates logic ‘1’ (+6 V) at the output (Fig. 3.3(c)). On the contrary, in the OR gate, two
FE-SQUIDs are connected in series (Fig. 3.3(d)). Therefore, only when both the FE-
SQUIDs remain superconducting (‘00 case), the ATron gate does not experience enough

current to switch the superconducting channel and creates an output of logic ‘0’ (—6 V)
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(Fig. 3.3(d)). For other cases (‘01°, “10°, and ‘11°), at least one FE-SQUID becomes
resistive and hence, the 2Tron channel switches to the resistive state and we get logic ‘1’
(+6 V) at the output (Figs. 3.3(¢) and (f)).

Lastly, to demonstrate the capability of the FE-SQUID-based logic family to handle
higher fan-out and cascadability, we simulate a 2-input XOR gate using the FE-SQUID-
based NOT, AND, and OR gates. The schematic of the XOR gate is shown in Fig. 3.3(g).
Fig. 3.3(h) shows the simulation results for the 2-input AND, OR, and XOR gates.

3.4 Summary

In summary, using voltage-controlled superconductivity in FE-SQUIDs, we developed
a CMOS-like voltage-controlled superconducting logic family (1-input Copy and NOT
gates, and 2-input AND and OR gates), which can potentially revolutionize the
implementation of (i) classical control architecture of quantum computers, (ii) exascale
high-performance computing systems, and (iii) space electronics. Moreover, our designed
logic circuits are transferrable to FE-SQUIDs with different ferroelectric and
superconducting materials as well as other voltage-controlled superconducting devices

such as JJ field effect transistor [82], Dayem bridge transistors [77], [83], etc.
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CHAPTER 4
IN-MEMORY MATRIX-VECTOR MULTIPLICATION USING
FERROELECTRIC SUPERCONDUCTING QUANTUM INTERFERENCE
DEVICE

4.1 Introduction

Although silicon (Si)-based classical computing has enjoyed immense progress in last
few decades, it cannot solve a number of commercially and scientifically important
problems (such as accurate simulation of large molecules, integer factorization,
optimization, etc.) in realistic timeframe [9], [23]. However, a quantum computer (QC)
has the ability to solve these problems in polynomial time since it leverages quantum
properties for storing and processing data [7]. Qubit is the fundamental block of a QC
whose states are manipulated to solve any problem. Qubits are extremely sensitive to
noise and hence, to protect the states, they are placed at extremely low temperature (tens
of milli-Kelvin) [9]. Control processor and memory are the two other essential
components of a QC. Currently, the control processor and memory are kept at room
temperature which requires a large number of long cables to connect the qubits with the
control processor and memory. Now, to realize a QC with the full capacity, it must be
scaled to thousands of qubits. To realize such a large-scale QC, the control processor and
memory must be placed close to the qubits [84]. Therefore, cryogenic electronics and
memory are crucial requirement for a QC to achieve the dream capability [9], [47], [67].

While the superconducting cryogenic electronics provides high energy-efficiency and
fast speed in conventional computing tasks, this still suffers from the von Neumann and
memory wall bottlenecks [48], [85]. Due to the use of physically separate memory and
processing units, large energy and time overheads are required for the back-and-forth
data movement. Therefore, the existing cryogenic electronics will not perform well for
implementing computationally intensive machine learning (ML) algorithms which entails
unique benefits for the error correction [86] and control [87] of the qubit states . To
circumvent this, compute-in-memory (CiM) architectures have been proposed which
achieves computation capability inside the memory array with a slight modification in the
peripheral circuitry [48], [88]. Another advantage of CiM is that most of the memories
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leverage Ohm’s law (multiply) and Kirchoff’s law (accumulate) for read operation and
hence, makes the implementation of matrix-vector multiplication (MVM) straightforward
since MVM is necessarily a multiply and accumulate operation. Note, MVM is the most
frequently performed operation in ML algorithms. Therefore, the implementation of in-
memory MVM operation with a suitable and scalable cryogenic memory is of paramount
importance for realizing a large-scale practical QC.

Although almost all the memory platforms have been utilized to implement in-
memory MVM at room temperature, only quantum anomalous Hall effect (observed in
topological insulators)-based memories have been utilized for in-memory logic [48] and
MVM operations at cryogenic environment [88]. In this chapter, we discuss how we
implement in-memory MVM operation with ferroelectric superconducting quantum
interference device (FE-SQUID)-based cryogenic memory [42]. In FE-SQUID, the
ferroelectric material stores the memory states which are voltage-controllable, and the
SQUID is used to read the memory states which is current-controllable. Therefore, FE-
SQUID features several unique advantages such as voltage-controlled robust non-volatile
memory states, independent read-write paths, and high scalability. Moreover, since two
completely separate paths are used for write and read operations, FE-SQUID-based
memory does not impose any constraint on the value of the read bias. It allows us to use
input levels with large separation to perform MVM operation that provides better
distinguishability in decision-making and hence, improves the accuracy in different
classification tasks. We evaluate our FE-SQUID-based MVM to perform three
classification tasks using MNIST handwritten digit [89], fashion [90], and emotion [91]
datasets and we achieve an average accuracy of 93.83%, 80.49%, and 92.5%,
respectively. Finally, we show that there is a tradeoff between accuracy and number of
rows and columns of the array used while performing the classification tasks.

4.2 In-Memory MVM With FE-SQUID

As mentioned earlier, cryogenic implementation of ML algorithms is useful for QC
and space exploration. For any ML algorithm, the most frequent and computationally
intensive operation is MVM. In this section, we demonstrate how we can perform MVM
operation in an FE-SQUID memory array with the help of a modified peripheral circuitry.
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Fig. 4.1 (a) shows the schematic of the FE-SQUID-based in-memory MVM system. The
write and read operation in this memory system are performed in the same mechanism
discussed in Chapter 2.

Here, we map the input matrix ([/; I . . I,]) as the read current applied to the RWLs.
For logic ‘0’ and ‘1’ inputs, we use 10 pA and 25uA read currents, respectively. Thanks
to the use of FE-SQUID, we have the flexibility to use current levels with large
distinguishability. We only need to make sure that the chosen current levels are larger

than I¢ p;gp. This is @ major advantage over other memory arrays thanks to the separate

read-write path capability. And the weight matrix ([W; W, . . W, ]) is mapped as the
memory state of the FE-SQUID cells. We use one column of the array to map one
element of the weight matrix. To demonstrate the proof of concept, we consider that both
the input and weight matrices consist of three elements, and we use three bits for each
element of the weight matrix which require a 3X3 array. MSB and LSB of an element of
the weight matrix are stored in the first and last rows of each column, respectively. Fig.
4.1(a) shows the mapping into the memory array. Now, based on the current and the
memory states of the FE-SQUID cells, different levels of voltages will develop across
each row which is fed to sense amplifier. For the 3X3 memory array, sense amplifiers in
each row generate outputs with two bits. Fig. 4.1(b) shows the schematic of sense
amplifier which uses two voltage comparators with suitable reference voltages and one
2:1 multiplexer to select the reference voltage for the second voltage comparator. Fig.
4.1(c) shows the schematic of Josephson junction FET-based voltage comparator [75]
that we use in this work. Finally, we use two left shifters for the first and second rows and
add the outputs of all the rows to determine the MVM output. Note, if we use larger
array, for n number of rows, we will need n — 1 number of left shifters. Figs. 4.1(d) and

(e) show two examples of MVM operation performed with FE-SQUID-based memory.
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Figure 4.1. (a) FE-SQUID memory array with modified peripheral circuitry to perform
MVM. Schematics of (b) sense amplifier and (¢) voltage comparator. (d, €) Two
examples of MVM operation.

4.3 Accelerating Classification Tasks With FE-SQUID-based MVM

To demonstrate the efficacy of FE-SQUID-based in-memory MVM, we develop a ML
algorithm to utilize its advantages. Our model is a modified version of a multiclass
perceptron [92] where the input and weights are discrete. To test this model, we use the
handwritten digits dataset from the UCI Machine Learning Repository [93]. Fig. 4.2(c)
illustrates how we utilize our FE-SQUID-based in-memory MVM for the handwritten
digit recognition. This dataset contains 8 X8 greyscale images of handwritten digits. For
our model, the image is first flattened and treated as a vector of 64 values. To prepare the
dataset for training, we encode the input in a way so that it can be used in the memory.
We use read current ranging between 13 pA and 43 pA to map each element of the input
matrix into 16 different levels, as shown in Fig. 4.2(d).

After preparing the input, we determine the possible weights that we can use in the
model. Since our input has 64 values (mapped into 64 rows), we use 64 columns of the
FE-SQUID-based memory. Each cell can show one of two resistances (0.95 k() and

1.75 kQ) based on the Pgg state. Next, we determine all the possible unique combinations
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the array. (¢) FE-SQUID-based ML model to perform handwritten digit recognition. (d)
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predicted digits.
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of FE-SQUID resistances and store them as the set Uy,,. For our approach, we define two
sets of weights- (i) w for the weights to be stored in the memory array and (ii) w for the
weights used during training. W is initialized to a normal distribution with the same mean
and standard deviation as Uy,. w is set equal to W where each value is rounded to the
nearest values in Uy,. To train the model, we use stochastic gradient descent [94]
modified for our memory array, as shown in Fig. 4.2(a). Essentially, this process
iteratively optimizes the weights with respect to the error in the model which is
performed by randomly selecting a batch of size N from the training data and feeding
them through the model. Once this is done, we calculate the average gradient of the error
with respect to the weights for the batch. Finally, we update the weights by subtracting
the gradient from them multiplying with a user-defined learning rate, a. While calculating
the gradients, we use the weights that can be mapped in the memory array (w) and apply
the gradients to our training weights (W). Every time W is updated, we update w as well.
We continue to update the weights until we have gone through the entire training set, and
we repeat this entire process for a defined number of epochs. Once training is complete,
we convert the weights back to their corresponding combinations of FE-SQUID
resistances such that they can be stored in the memory array, as shown in Fig. 4.2(a).
Finally, the weights can be stored in the memory cells to perform inference with our
model. Fig. 4.2(b) shows the weights for digit ‘6’ recognition as mapped into the FE-
SQUID array.

As previously discussed, we used 8 X8 handwritten digit for the initial test of our
model. After training, we achieve 93.89% accuracy on testing digits that were not used
for training. Fig. 4.2(e) shows the confusion matrix of the recognition results, with only
‘8’ and ‘9’ being misclassified somewhat regularly, with 85% accuracy for each.

Next, we test how the matrix size of the input digits affect the recognition accuracy.
For this, we use different matrix sizes (16X16 and 28%28) for input digits. The 28x28
dataset is the original MNIST dataset [89], while the 16X 16 images are from the same
dataset but with antialiasing [95]. We also test how lower number of weight columns
affects the performance. This would decrease the possible levels of weights but with the

benefit of less power consumption and delay. Fig. 4.3(a) shows the effects of input size
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using our framework.

and the number of columns per row on the accuracy. As shown in Fig. 4.3(a), we achieve
an average of 91.19% and 90.6% testing accuracy for 1616 and 28x28 datasets,
respectively. From Fig. 4.3(a), we also see that decreasing the number of columns has a
much larger negative effect on accuracy for inputs with a smaller matrix size.

Also, we test our model on two more classification tasks. The first one is Fashion-
MNIST dataset [90], which has 28X28 pixel images of ten classes of fashion items. This
dataset is much more challenging than digit recognition while having the same input size.
While using a 784x784 memory array, we achieve an accuracy of 80.49% on the testing
set. Finally, we test our algorithm in another novel application- sentiment analysis. We
use the emotion dataset [91] for training and testing. This dataset contains short text
passages classified as one of six emotions- sadness, anger, fear, joy, love, or surprise.
This problem is significantly more complex than the previous applications, so we choose
to take a different approach to this problem. Instead of feeding the raw data into the
model, we first use a feature extractor to obtain a consistently sized input for the memory
array. For feature extraction, we use DistilBERT [96], and to obtain the features, we use
the output of the last hidden layer from a pretrained DistilBERT model via HuggingFace
[97]. Once the text is processed in this way, we get a vector of length 768 that represents

the features of the text that we can map into the memory array as the row current. This
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approach gives us 92.5% accuracy on the testing dataset. Note, for both these tasks, the
approach shown in Fig. 4.2(a) is used for training. Fig. 4.3(b) summarizes the results
obtained for the performed tasks.
4.4 Comparative Analysis

Finally, we compare our FE-SQUID-based approach with existing room-temperature
memristor-based approaches. Table 4.1 shows the comparison. For handwritten digit and
fashion MNIST datasets, we compare our work with existing memristor-based
neuromorphic approaches (handwritten digit- [98]-[100] and fashion- [100], [101]). For
the sentiment analysis, we use two datasets (IMDB dataset [102] and emotion dataset
[91]) and compare with CMOS-based [103] and memristive [102] approaches for IMDB
dataset and with software-based deep learning approach [91] for emotion dataset. For all
the classification tasks, our FE-SQUID-based approach outperforms the existing
approaches in terms of accuracy.
4.5 Summary

This chapter discusses a technique to perform cryogenic in-memory MVM operation
utilizing an FE-SQUID-based memory array. To test this novel approach, we perform
three classification tasks (handwritten digits, fashion, and emotion datasets) using an
experimentally calibrated simulation framework. Our FE-SQUID-based classification
system achieves up to 17% better accuracy than existing room temperature memristor and
CMOS-based approaches. Considering the typical operating speed of a SQUID (>100
GHz [53]), our FE-SQUID-based memory cells will consume less than 5 atto-Joules of
energy (on average) for 1-bit MVM operation. The cooling cost is not a concern for our
target application (QC systems), as the qubits are already cooled to a cryogenic
temperature. FE-SQUID is fully compatible with the existing commercial process
technology used for fabricating single-flux quantum (SFQ) circuits [104]. Besides the QC
systems, our proposed in-memory computing technique can also be directly adopted for

space electronics, and cryogenic high-performance computing systems [53].
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Table 4.1: Comparison with Existing Approaches

Existing Works This Work
Datasets
Approach Accuracy (%) Ref. Accuracy (%)

. .. 82 [27]
Handw[rlltztfn S e 89.4 28] 93.4

85 [29]

. - 69 [29]
Fashion [13] Memristive 75 5 130] 80.5
IMDB Sentiment Memristive 84.3 [31] .

[31] CMOS 81 [32] '

Emotion [14] Software 81 [14] 92.5
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CHAPTER 5
TERNARY CONTENT ADDRESSABLE MEMORY USING FERROELECTRIC
SUPERCONDUCTING QUANTUM INTERFERENCE DEVICE
5.1 Introduction
A suitable cryogenic controller and memory system can facilitate the scaling of
quantum computing systems up to thousands of qubits, by solving several existing
challenges, including (i) the requirement of a large number of wires and interconnects to
connect the qubits with currently used room temperature controller and memory, (ii) the
possibility of a large amount of thermal noise propagation from room temperature to
noise sensitive qubits, and (ii1) the heat and noise generation by the lossy wires and
interconnects [10], [23], [84]. Moreover, cryogenic systems based on superconducting
devices, such as JJs and SQUIDs, provide unparalleled speed (hundreds of gigahertz) and
energy efficiency (sub-atto-joule switching energy) [22]. This can be extremely useful for
developing energy-efficient high-performance computing systems and space electronics.
One of the critical challenges in cryogenic systems is the need for high-speed, low-
power memory solutions that can complement the computing infrastructure [23]. In this
quest, superconducting, non-superconducting, and hybrid technologies have been
explored. However, all of these technologies have unique challenges, and therefore,
developing a suitable and scalable memory system for cryogenic applications has
remained an ongoing pursuit. Content addressable memory (CAM) and ternary content
addressable memory (TCAM) are specialized storage systems that can accelerate certain
computing tasks by introducing the capability of comparing input data against stored data
[105], [106]. CAM performs searches based on binary data ('0' and '1") returning exact
match/mismatch output, where TCAM allows an additional state (don't care, 'd') for the
input data (Figs. 5.1(a) and (b)). The ternary nature of TCAMs allow for more flexible
searches, which is useful in several applications including pattern recognition, network
routing, and database management. Additionally, CAM and TCAM can be empowered to
calculate the Hamming distance (HD) between the input search and stored data. This
capability allows us to identify nearby matches (the lowest HD implies the closest match)
along with the exact matching (HD = 0). CAMs and TCAMs with HD calculation
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capability can be powerful tools in error detection and correction for both classical and
quantum domains, approximate searching, and other data-intensive applications.
Additionally, TCAMs have recently been used to accelerate classification tasks, where
the TCAM stores the features extracted from the dataset (images, texts, etc.) as the stored
data and can provide the search result whenever the features for any search condition are
applied as the input data (Fig. 5.1(c)) [106]. Based on the search results, TCAM can
predict the classification result. Here, the parallel search capability of TCAMs becomes
extremely useful for improving the speed and efficiency of the classification tasks.
TCAMs can also be useful for cryogenic applications like quantum computing by
efficiently handling quantum error correction decoding, high-performance computing by
improving latency and energy efficiency, artificial intelligence (AI) by accelerating
pattern recognition and classification, space exploration by assisting in data storage and
retrieval, and decision-making algorithms, and data centers by improving large-scale
search operations like database queries and search engines. This chapter presents the
design and implementation of a cryogenic TCAM with exact search and HD calculation
capabilities. Here, we utilize the FE-SQUID-based cryogenic memory system that
combines the ultra-high speed and energy efficiency of SQUIDs with the voltage-
controlled non-volatility of ferroelectric materials [42]. In the proposed TCAM, there are
two modes- one for exact searching and another for HD calculation. Due to the use of
FE-SQUID, we get several advantages from the proposed TCAM when compared with
the existing designs (both room temperature and cryogenic), including (i) the exact
searching mode provides binary decisions for matching and mismatching without needing
any peripheral circuitry, thanks to the superconducting behavior of SQUIDs, and (ii)
extremely energy-efficient TCAM operation (1.36 aJ and 26.5 aJ average energy
consumption for 1-bit CAM and TCAM search. respectively). Finally, we demonstrate
the efficiency and advantages of our proposed TCAM by performing hyperdimensional
computing (HDC) algorithm-based language recognition task. By implementing the
associative memory that supports a highly parallelized search operation for the inference
step with FE-SQUID-based TCAM arrays, a single 10,000-bit vector comparison
consumes just 89.4 fJ energy. We also demonstrate that the FE-SQUID-based TCAM
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consumes over one order of magnitude less energy compared to the cryogenic 5 nm
FinFET SRAM-based TCAM to perform the same operation.
5.2 Design Principle of FE-SQUID-based TCAM

Fig. 5.2(a) shows the schematic of the proposed cryogenic TCAM. The proposed
TCAM is a modified version of FeSQUID-based memory cell, demonstrated in [42]. In
the FE-SQUID-based memory cell, to store one bit of data, one FE-SQUID and one
hTron are connected in series and multiple cells are connected in parallel along each row
of the memory array. However, here, we use two memory cells connected in parallel to
each other to design a 1-bit TCAM. The operation of this TCAM cell is controlled by one
read word line (RWL), two read bit lines (RBLs), two write word lines (WWLs), and one
sense line (SL). Now, to build a large-scale TCAM, these TCAM cells need to be
connected in parallel along the row where the shared RWL in each row will act as the
match line (ML) to exhibit the matching/mismatching result (Fig. 5.2(b)).

The proposed TCAM has two modes- one for exact search (binary result) and another
for HD calculation (analog result). The mode of the TCAM can be selected by choosing a
suitable bias current for the RWL of each TCAM. For exact search mode, the value of
RWL current (Igy;,) needs to be chosen in a way so that we get superconducting and
resistive states from SQUIDS for '0' and '1' data, respectively. According to Fig. 5.2(c),

the range for this Iry, 18 I¢ 10w < Igwr < I¢ nign- Due to the use of the superconducting

state of SQUID and the parallel connection of all the TCAMs in a row (as shown in Fig.
5.2(b)), if there is any SQUID with a superconducting state, the ML of that row will have
zero voltage. This provides us with the binary decision from the ML- either zero or some
non-zero voltage for any amount of mismatch or complete matching, respectively. Now,
for HD calculation mode, we do not want binary decisions for matching and
mismatching, rather we want analog decisions with different levels of ML voltage for
different levels of matching between the input and stored data. Therefore, we need to
avoid the superconducting state of SQUIDs and that's where the use of FE-SQUIDs
becomes extremely useful because FE-SQUIDs can show either
superconducting/resistive states or only resistive state with two different resistance values

for two states. In the HD calculation mode, we choose the value of Iy, in a way so that
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Figure 5.2. The proposed cryogenic TCAM based on FE-SQUID. (a) Circuit schematic of
the proposed TCAM cell. (b) Illustration of the array-level organization of the proposed
TCAM cells, where data will be stored in a row. (¢) Values of RWL currents for two
modes of the proposed TCAM. Definitions of the representation of (d) input search data
in terms of RBL currents and (e) stored data in terms of FE-SQUID’s device states.

FE-SQUIDs show two different resistance values for '0' and 'l' states. According to Fig.
5.2(c), the required range of Iy, for this mode is - Iryy, > I¢ pign- Fig. 5.2(c) shows the
values of Iy, used for two TCAM modes in this work.

The FE-SQUIDs are utilized to store the data as the ferroelectric polarization (similar
to the memory operation) for the TCAM operations. One FE-SQUID stores the data
(Data) while the other stores the inverted version of data (Data). To store Data and
Data, we need to apply suitable voltages across the ferroelectric material of FE-SQUIDs
through the WWLs (Vi1 and Vi 2). Fig. 5.2(e) shows the definition of Data and the
corresponding device states. The input search data is applied through a combination of
two gate currents (RBL currents, Izp;1 and Igg;2) of the two hTrons, which determine the
switching of the hTrons. Fig. 5.2(d) shows the values of RBL currents for different input

search data (Search and Search).
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5.3 Working Principle of FE-SQUID-based TCAM

Any TCAM search can be divided into two major operations- (i) storing the data
inside the memory through memory write operation and (ii) searching any input data
against the stored data through memory read operation. To write data into a FE-SQUID-
based memory cell, we follow the same mechanism explained in Chapter 2. As illustrated
in Fig. 2.1(c), applying a current within the range I¢ jow < I < I¢pign to the SQUID
will result in either a superconducting (0 V) state for P or a resistive (nonzero voltage)
state for P7, depending on the polarization state of the ferroelectric. This property is
exploited for the exact search mode by applying a suitable current bias through the
SQUID. Moreover, as seen in Fig. 2.1(c), if a current larger than I ;45 is applied, the
SQUID will show two different resistance values (and hence, two voltages) depending on
the polarization states. This characteristic of SQUID is used for the HD calculation mode.
RBL currents are responsible for determining the switching of hTrons connected in serial
with each FeSQUID. The search data are represented with the RBL currents.

Based on the application of RWL and RBL currents, the ML voltage will depend on
whether the input search matches or mismatches the stored data. Fig. 5.3 shows the
working principle of the exact search mode of the proposed TCAM. Here, first, Data and
Data are stored in the two FE-SQUIDs with the help of WWLs. Then, when Search and
Search are applied through the RBL currents (chosen according to Fig. 5.2(d)), and the
suitable current is applied to the RWL (chosen according to Fig. 5.2(c)), one of the
hTrons become superconducting while the other remains in a highly resistive state
(50 kQ). For matching conditions (Data = 0 and Search = 0 (Fig. 5.3(a)), Data = 1
and Search = 1 (Fig. 5.3(¢e)), the FE-SQUID connected in series with the
superconducting hTron switches to its resistive state. As a result, the RWL current flows
through this branch and we get a non-zero voltage drop in the ML (shown in Fig. 5.3(g)).
On the other hand, for the mismatching conditions (Data = 0 and Search = 1(Fig.
5.3(b)), Data = 1 and Search = 0 (Fig. 5.3(d))), the FE-SQUID connected in series
with the superconducting hTron remains in its superconducting state. As a result, we get

zero voltage drop in the ML (shown in Fig. 5.3(g)).
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Figure 5.3. Working Principle of the proposed TCAM in the exact search mode.
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Now, for the 'd' case in the input search, we apply non-zero currents to both RBLs. As
a result, in these cases shown in Fig. 5.3(¢) and (f), both the hTrons switch to their
resistive states which leads to the division of the applied RWL current between two
branches. The current that flows through each of the branches (I, /2) is not sufficient
to switch the state of the FE-SQUID to its resistive state. However, since both the hTrons
become resistive, we get a non-zero voltage drop in the ML(shown in Fig. 5.3(g)),
irrespective of the stored data in the FeSQUIDs. Fig. 5.3(g) shows value of ML voltages,
power consumption, and energy consumption for all possible combinations of a 1-bit
exact search operation in the proposed TCAM.

Now, we discuss another capability of our proposed TCAM, which is the HD
calculation. Fig. 5.4(a) shows a 4-bit TCAM where five different combinations of 4-bit
data are stored in the TCAM array, and one specific input search data is applied. As
explained earlier in this section and Fig. 5.3, in the exact search mode, due to the choice
of RWL current, we will get zero and non-zero ML voltages for any mismatch and
complete match, respectively. However, in the HD calculation mode, we select the RWL
current in a way so that the SQUID always gets a current that is larger than its both
critical currents (I¢ oy and I¢ pign). Therefore, the SQUID never remains in the
superconducting state. For the two states, we get two different values of resistance, as
shown in Fig. 2.1(c). We design and choose the operating modes of the proposed TCAM
in a way so that we get the highest ML voltage for the complete matching condition and
the voltage drops with the increase in the mismatch. Fig. 5.4 (a) shows the ML voltages
for this mode for different amounts of mismatch in the 4-bit TCAM. We also extend our
simulation to larger TCAM arrays and the values of ML voltage for different amounts of
mismatch in different sizes of TCAM array in Fig. 5.4 (b). The ML voltage for n-bit
TCAM can be calculated using the following equation:

Vi = (Mpies X Trwi)

1

1 1 1
Npits X 50 kO, + Npaten X 18k + (nbits - nmatch) X 09 kO

X
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Figure 5.4. ML voltage levels obtained for different number of data lengths and different
amounts of mismatch between the input search and stored data.

where, Nyt and Ny, q¢cn represent the size of TCAM cells in a row and the number of
matching bits in that row, respectively. To decode the HD from the ML voltage levels,
any cryogenic voltage-based comparator and sense amplifier can be utilized [75].
5.4 System-level Benchmarking

With the ever-growing interest in machine learning, the size and data requirements of
today's models are enormous. However, many application scenarios have strict
constraints for the system, e.g., in cryogenic environments, embedded systems, or loT
devices. Here, efficient and computationally lightweight algorithms are key. For these
reasons, researchers have explored techniques to simplify models by quantizing
conventional machine-learning approaches. While reducing the model size, the
fundamental requirements of large datasets and large training efforts are unchanged. For
these reasons, an emerging brain-inspired machine-learning concept called HDC has been
proposed and gained rapid interest. In HDC, information is stored as patterns in large
vectors with thousands of elements. By utilizing randomness and similarity, HDC is
inherently resilient to noisy data and errors in computing operations. This enables the
utilization of emerging hardware, which often may suffer from imprecise operation, e.g.,
due to variability. HDC has been showcased in various classical machine-learning tasks
such as language recognition [107] (illustrated in Fig. 5.5(a)), image classification [108],
or wafer map defect pattern classification [109].
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Figure 5.5. (a) Illustration of the HDC algorithm for language recognition. The encoded
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The data type of vector elements can be selected, and real numbers, integer numbers,
bipolar values, or binary values can be used. Using binary makes HDC very efficient as
the operations can be implemented using basic logic gates. For the similarity metric used
during inference, the Hamming distance needs to be calculated, which is a combination
of bitwise XOR popcount. This can be implemented using TCAM arrays that store the
class vector bits and are searched with the bits of the query vector [110]. The used vector
size affects the precision of the final model, which is shown in Fig. 5.5(b). For instance,
training the language recognition model with 10,000 bits yields an inference accuracy of
97.1% while using half the size yields 95.9%. Estimating the used energy consumption of
a single vector comparison can be done using the following equation:

E = nyjs X S5uA X Vyy X 0.3ns

where ny;s 1s the size of vectors and Vy,; is the match line voltage depending on the
amount of match. Here, we consider the switching time of hTron as the only delay during
the search operation in the TCAM cell. We use 0.3 ns for the superconducting to resistive
switching of hTron devices, as reported in [66].

As most of the vectors in HDC are orthogonal (i.e., a similarity of around 50%), we
assume the number of matching bits to be half of the total number of bits. This gives a
energy consumption of 89.4 f] per vector comparison with 10,000 bits, and 44.7 f] with
5,000 bits. To put the numbers in perspective, we have implemented a block of TCAM
cells using conventional SRAM technology with 5 nm FinFETs. These SRAMs are also
operated at 4K temperature, like FE-SQUID-based TCAMs. By cutting the large vectors
into smaller sections, blocks are formed that calculate the HD in the analog domain.
Hence, the results in Fig. 5.5(c) show a decreasing energy consumption for SRAM-based
cells. As fewer blocks are needed when increasing the block size, the comparison of an
entire vector becomes more efficient. In our energy estimation scheme for FE-SQUID-
based TCAM, the energy depends on Vy,;, which is only subject to the ratio between
block size to the number of mismatches, which is fixed to 50% here. Still, the energy
consumption of FE-SQUID-based TCAMs is over one order of magnitude smaller than

cryo SRAM-based ones. For instance, using vectors with 10,000 bits and a block size of
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10 bits, SRAM-based TCAM consumes 1.29 pJ compared to the 89.4 fJ consumed by
FE-SQUID-based design.
5.5 Summary

In this Chapter, we discuss a cryogenic TCAM architecture leveraging the unique
properties of FE-SQUID technology. The proposed TCAM addresses key challenges
faced by current cryogenic computing systems, such as the need for ultra-low power
consumption, high-speed operation, and scalability. By combining the non-volatility of
ferroelectric materials with the superconducting efficiency of SQUIDs, our design
achieves substantial energy savings, with an average energy consumption of 1.36 aJ and
26.5 alJ for 1-bit binary and ternary searches, respectively. In addition to supporting exact
match search operations, our TCAM enables Hamming distance (HD) calculation, which
opens up new possibilities in error detection and correction, quantum error correction
decoding, approximate search algorithms, and Al-based classification tasks. We
demonstrate the advantages of FE-SQUID-based TCAM array by benchmarking against
TCAM with 5 nm FinFET-based cryogenic SRAM array for HDC-based language
recognition task. The proposed FE-SQUID-based TCAM needs over one order of
magnitude lower energy. The parallel search capability and efficient data processing of
this energy-efficient TCAM make it highly applicable to a range of cryogenic
applications, including large-scale quantum computing, high-performance computing,

space exploration, and data-intensive tasks in data centers.
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CHAPTER 6
RECONFIGURABLE LOGIC CIRCUIT USING SUPERCONDUCTING
HEATER CRYOTRON
6.1 Introduction

JJ-based logic families are the primary building blocks of superconducting Boolean
logic. Thanks to the ultra-fast (>100 GHz) and ultra-low power (sub-al/bit switching
energy) operation of JJ-based circuits [64], [111], a superconducting processor has the
potential to solve many existing issues of its CMOS counterpart. However, JJ-based
circuits suffer from a number of challenges including difficulty in cascading, fabrication
challenges, limited scalability due to flux trapping and sensitivity to magnetic field, and
so on [79], [112]. To solve some of these challenges, three-terminal cryotron devices
were developed which show input gate current-driven switching of the channel between
its superconducting and resistive states [79]. hTron [66] is a member of this cryotron
family. These devices can drive large impedances (> 100 kQ) and support a large
number of fanouts due to their transition to a highly resistive state. Moreover, these
devices do not require superconducting loops like JJs and hence, are free from flux
trapping and resulting scalability issues [79]. hTron devices have already been used as an
access device in cryogenic memories [42], [51], [113], as an interface between
superconductors and semiconductors [66], to design logic circuits [75], [78], [79], [112],
in cryogenic neuromorphic systems [114]-[117], and so on.

Despite being used in several sensitive and critical applications, the hardware security
techniques for superconducting processors are yet to be developed. Therefore, the
superconducting processors are alarmingly vulnerable to different adversarial attacks
including integrated circuit (IC) counterfeiting, IC masking, IC overproduction,
intellectual property (IP) piracy, reverse engineering, etc. To prevent these attacks,
different hardware security measures including IC camouflaging, logic locking, and/or
adding a watermark, among others are used. Among these, logic locking [118] and IC
camouflaging [119] have recently been utilized for developing secured superconducting
hardware. In the logic locking technique, additional gates (AND, OR, XOR, etc.), key

inputs, and additional on-chip memory are introduced into the original design to prevent
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external attacks. However, as reported in [118], the logic locking technique requires an
additional 20% area overhead for only one OR gate. On the other hand, in IC
camouflaging technique in [119], dummy JJs are introduced to make the layouts of all the
gates look identical to prevent reverse engineering and other attacks. Both of these
techniques have a significant negative impact on the area, delay, and power consumption
of the circuit.

In this chapter, we present a superconducting reconfigurable logic circuit with a single
hTron device that can perform the basic Boolean logic operations, including 1-input copy
and NOT, 2—input AND and OR, and 3—input majority. Typically, the number of devices
required to perform any logic operation increases with the number of inputs [79], [112].
However, in our proposed circuit, we perform all the above-mentioned single- and multi-
input logic operations with only one #7ron device. We apply different biasing conditions
in the same circuit to perform all these logic operations. Thanks to the reconfigurability
of the proposed circuit, it requires significantly less area compared to the existing
superconducting logic circuits based on JJs, SQUIDs, and cryotrons. Moreover, as we are
using the same circuit with the same layout to perform different tasks, we can build a
camouflaged system (without compromising on any performance metric) where all the
logic gates will look identical which can improve the hardware security of the system
against reverse engineering attacks.

6.2 Device Fabrication and Characterization

hTron is a four-terminal current-driven superconducting device where two of the
terminals form the gate and the other two form the superconducting channel (Figs. 6.1
(a)—(c)). The devices described here were fabricated using a combination of electron
beam lithography and optical lithography. First, a layer of superconducting tungsten
silicide (WSi) with a thickness of 4 nm was deposited via magnetron sputtering on a
silicon wafer. Contact pads of 5 nm Ti followed by 30 nm Au were deposited using a
liftoff process and optical lithography. The WSi was then patterned using electron beam
lithography and etched in an RIE with an SF¢ chemistry to form the channel of the
device. For the dielectric spacer layer that separates the heater from the channel, 25 nm

of Si0> was deposited via sputtering over the entire wafer. After this, another WSi layer
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Figure 6.1: (a) False-colored scanning electron micrograph (SEM) of a fabricated hTron
device. The fabricated device has a heater gate with an area of 200 X 200 nm? and a
channel with a width of 4 um. (b), (¢) Illustration of the switching mechanism of a hTron
device. (d) Measured distributions of the channel critical current (IS,) for different values
of I;. (e) Extracted median values of IS, distributions for each I;. (f),(g) Measured time
dynamics of the switching of a hTron device with a load resistance (R;) of 1 k().
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with the same thickness of 4 nm was deposited via sputtering and once again patterned
and etched to form the heater input gate for the device. Contact pads were added to this
upper layer with added with the same liftoff process as the first layer. Lastly, openings
were etched through the SiO; dielectric using an RIE with a CHF3:02 chemistry so that
electrical contact could be made with the bottom (channel) layer.

Initially, the channel remains superconducting for a given channel bias current (I)
and no gate current (I;). However, when I; is applied, the gate becomes resistive and
generates thermal phonons which are carried to the channel by the dielectric spacer. The
channel remains superconducting until /; exceeds a specific threshold and becomes
resistive (Fig. 6.1(b)). However, when the gate becomes resistive, the presence of these
thermal phonons suppresses superconductivity in the channel, and the more gate current
is added, the greater the suppression of IS, is observed (as shown in Fig. 6.1(d)). The
reason of suppressing the superconductivity is that the thermally-generated phonons are
capable of breaking Cooper pairs in the superconducting channel (Fig. 6.1(c)). When I;
exceeds a specific threshold (I$) such that the channel critical current (IS;,) (a function of
I, shown in Fig. 6.1(d)) becomes smaller than the applied I;, enough phonons with
sufficient energy (> 2A, where A is the superconducting energy gap [63]) are generated
which can break Cooper pairs in the channel and cause the entire channel to switch to the
high impedance resistive state, driving I, to the external circuitry (Fig. 6.1(c)).

While characterizing the device, we first apply a fixed current to the gate (I;). Then
we ramp up the channel bias current (I-;,) from 0 A to above IS, so that the channel
switches. For each I;, we perform the ramping of I, 50 times and record the IS, for each
measurement. Fig. 6.1(d) shows the measured distribution of I, for I; ranging from
10 pA to 135 pA. We also extract the median of I§, for each I; (Fig. 6.1(e)) and use that
as the nominal I§, in our circuit design. Next, we perform a transient measurement to
show the time dynamics of the channel switching from its superconducting to resistive
state. The inset of Fig. 6.1(f) shows the transient measurement setup with a load
resistance of 1 k€. Here, we first ramp I, up to 55 uA and then start ramping up I; to

capture the gate-driven switching (Fig. 6.1(f)). As shown in Fig. 6.1(g), initially the
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channel is in its superconducting state and hence, no current flows through the load
resistor (I, =V, ~ 0). However, when I; exceeds IS (110 uA for this case), the channel
switches to its resistive state and drives Iy to the load resistor which creates a nonzero
voltage across it. The turn-on and turn-off times for the #77on device considered in this
work are 300 ps and 15 ns, respectively. However, the turn-on and turn-off time can be
reduced by using higher input energy and different superconducting materials,
respectively [66]. The WSi film used as the superconducting material had a critical
temperature (T¢) of 3.5 K and all the measurements were performed at 0.9 K. To obtain a
higher operating temperature, a different material such as NbN or NbTiN can be used
which show a T of 9-12 K depending on the stoichiometry.
6.3 Design Methodology of Reconfigurable Logic

To design a reconfigurable logic circuit for achieving secured superconducting
hardware, we utilize the gate current-controlled superconducting to resistive transition of
hTron. We use the same measurement setup (shown in the inset of Fig. 6.1(f)) and
measured device characteristics (Fig. 6.1(¢)) to design the logic circuit. The only
difference is that instead of one input current to the gate, we use three input currents to
perform up to three input logic operations. Fig. 6.2(a) shows the schematic of the
designed reconfigurable logic circuit where I;y1, I;y2, and I;y3 are the input currents
corresponding to the number of inputs of the logic operations, Iz, is a common gate bias
used for all the operations, and I, is the channel bias. In our design, we define the two
logic states (‘0” and ‘1”) with two current levels (0 uA and IS /2, respectively) (Fig.
6.2(b)). Fig. 6.2(c) shows the biasing scheme that we use to perform different logic
functions with the same circuit shown in Fig. 6.2(a). For all the logic operations, I, is
kept fixed at 55 pA (chosen based on the measured device data shown in Figs. 6.1(d)—
(g)). Now, to perform different logic functions such as 1—input copy and NOT, 2—input
AND and OR, and 3—-input majority, we only need to apply different bias currents to Ip4
(range is shown in Fig. 6.2(c)). The combination of the input currents and Iz, will
determine the switching of the channel under the fixed I3, bias and accordingly, we will

get zero or nonzero current at the output.
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Figure 6.2: (a) Schematic of the hTron-based reconfigurable logic circuit that can
perform 1-input copy and NOT, 2-input AND and OR, and 3-input majority operations
with only a suitable bias current (Ig;). We use 1 k() as the load resistor (R). (b)
Definition of logic states. (¢) Biasing conditions to perform different logic operations
with the same circuit.

6.4 Working Principle and Functional Verification

To demonstrate the functionality of different logic functions with our proposed circuit,
we adopt a simulation—based approach. We first develop a LUT-based compact model for
hTron in Verilog—A and calibrate the model with the measured data shown in Figs.
6.1(d)—(g). In each time step, the model takes applied gate and channel currents as input
and based on the value of the gate current, reads the corresponding I, from the LUT.
Finally, the model compares the applied channel current with the IS, obtained from the
LUT and determines whether the channel will switch or not. As already mentioned, our
proposed circuit is similar to the measurement setup. The only difference is the use of
multiple input currents applied to the gate. Note, all the input currents and I, are added
together and seen as one bias current by the gate. Therefore, utilizing the experimentally
calibrated device model, our simulation replicates the behavior that we would observe in
the experiment.

First, we discuss the 1-input copy gate. Here, we use the IN1 terminal to apply the
input current and we apply 65 pA as Ig; and 55 pA as Ig,. As shown in Fig. 6.3(a), for a
logic ‘0’ at the input (I;; = 0), the total applied current to the gate is Iz, (65 uA) which
is less than IS (110 uA) and hence, the channel remains superconducting. Therefore, I5,
flows through the channel and we get logic ‘0’ (Ipyr = 0) at the output. On the other
hand, as shown in Fig. 6.3(b), when a logic ‘1’ is applied (I;y; = IS /2 = 55 uA), the
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Figure 6.3: Copy operation with the proposed circuit when the input is (a) logic ‘0’ and
(b) logic ‘I’. (¢)-(e) Simulated time dynamics of the copy operation.

total gate current (I; = 120 uA) exceeds I and switches the channel to its non-
superconducting state which is highly resistive. Therefore, I, flows through the external
resistor (R = 1 kQ) and we get logic ‘1’ (Ioyr = I$/2 = 55uA) at the output. Figs.
6.3(c)-(e) show the simulated time dynamics of the copy gate which verifies the
functionality of the logic function.

Next, we discuss the 1-input NOT gate where we use the same input terminal and
same I,. The only difference is that we apply —120 uA as Ig,. Now, when a logic ‘0’
(I;y1 = 0) is applied, only Iz, flows through the gate which itself is greater than I¢ (Fig.
6.4(a)). As a result, the channel of the device switches to the non-superconducting state
and drives I, to the external resistor. Therefore, we get logic ‘1° (Ipyr = 15 /2 = 55uA)
at the output. However, when the input is logic ‘1’ (I;,y; = 55 pA), the device gets a total
gate current of —65 pA which cannot switch the channel (Fig. 6.4(b)). Hence, the
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Figure 6.4: NOT operation with the proposed circuit when the input is (a) logic ‘0’ and
(b) logic ‘1°. (¢)-(e) Simulated time dynamics of the copy operation.

channel remains superconducting and we get 0 A at the output. Figs. 6.4(c)-(e) verify the
NOT gate functionality.

With the same circuit, we can also perform 2—input Boolean logic functions such as
AND and OR logic where we use two input terminals to apply the input currents (I;y1
and I;y,). To perform AND operation, we apply Ig; = 10 uA. As a result, for input
combinations of ‘00’ and ‘01’ (or °10’), the gate gets 10 A and 65 uA, respectively
which are not sufficient enough to switch the state of the hTron channel (Fig. 6.5(a)).
Therefore, the channel remains in its superconducting state and drives 0 uA (logic ‘0’) to
the output. On the other hand, for the ‘11’ input combination, a total current of 120 uA
flows through the gate and switches the channel to the non-superconducting state (Fig.
6.5(b)). Therefore, Iz, flows through the external resistor and we get logic ‘1° (55 uA) at
the output. The time dynamics of AND functionality are shown in Figs. 6.5(c)—(e).

Next, to perform the OR operation, we apply Ig; = 65 pA. As a result, whenever one
of the two inputs is logic ‘1°, the gate terminal gets sufficient current to switch the
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Figure 6.5: AND operation with the reconfigurable circuit for (a) ‘00°, ‘01°, and ‘10’
and (b) ‘11’ input combinations. (¢)-(e) Simulated time dynamics for the AND operation.

channel of the device. Therefore, only for the input combination of ‘00’, the channel
remains superconducting and for ‘01°, “10°, and ‘11’ combinations, the channel switches
to its non-superconducting state (Figs. 6.6(a) and (b)). As seen in Figs. 6.6(c)-(e), we get
the successful OR operation.

Majority is a Boolean logic operation that generates an output of logic ‘1’ if there is a
greater number of logic ‘1’ among an odd number of inputs. The majority logic can be
utilized to perform basic logic operations such as AND, OR, XOR, etc., and requires a
lower number of gates to develop arithmetic-intensive systems [120]. Compared to the
AND implementation, majority reduces the logical depth of the arithmetic-intensive
circuits by up to 33% [49]. For example, while building a 1-bit full adder, the use of
majority can reduce the logic level by 50% and 57.14% compared to the NAND and
NOR implementations, respectively, and can reduce the number of required cycles by
60% [49].
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Figure 6.6: Illustration of the OR operation for (a) ‘00’ and (b) ‘01°, ‘10’ and ‘11’ input
combinations, respectively. (¢)-(e) Time dynamics of the OR operation where the
channel switches for the ‘11’ combination due to the choice of I;.

Here, we show that the same circuit with a single hTron device can be reconfigured to
perform 3—input majority logic operation. Here, we use Iz; = 10 pA. As a result, when
there is a smaller number of logic ‘1’ among the inputs, the gate terminal does not get
sufficient current to switch the channel (Fig. 6.7(a)). On the other hand, when there is a
greater number of logic ‘1’ inputs, the total gate current exceeds IS and the channel
switches to its non-superconducting state (Fig. 6.7(b)). As seen in the transient results of
Figs. 6.7(c)-(e), the same circuit can perform the 3—input majority logic function.

6.5 Summary

We demonstrate a single hTron-based reconfigurable logic circuit that can perform 1—
input copy and NOT, 2—input AND and OR, and 3—input majority operations by only
choosing suitable biasing conditions. Our proposed logic circuit benefits from useful
features of the hTron including low turn-on-time, input-output isolation, low power
operation, and so on [66]. Moreover, hTron devices do not need any superconducting
loop like other superconducting devices such as JJs and SQUIDs. Therefore, our
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Figure 6.7: Illustration of majority logic when there are (a) greater and (b) smaller
number of logic ‘1’ inputs. (¢)-(e) Simulated time dynamics of the Majority operation.

proposed logic circuit will not suffer from any flux trapping issue and will be able to
solve the scalability issue of the JJ and SQUID-based circuits. Typically, the number of
required devices in a logic gate increases with the number of inputs which is not the case
for our design. We use the same circuit based on one hTron device to reconfigurably
perform all these basic operations, enabling the implementation of a superconducting
processing unit with a much smaller number of devices compared with the existing
approaches. Moreover, since we are using the same circuit for different logic operations,
we can develop a camouflaged processing unit where all the logic gates will have the
same layout and will reduce the risk of reverse engineering.

Also, thanks to the high impedance (>> 1 kQ) non-superconducting state of hTron
devices, the cascadability of the proposed logic circuit is not a concern like the other
current-controlled superconducting logic gates. One hTron can drive other resistive gate
terminals (typically has an impedance of 1 kQ) of the next stage logic circuits.
Additionally, our proposed copy gate can be used to develop a current splitter circuit like

the one proposed in [121] to enable a larger number of fanouts.

59



Finally, hTron devices suffer from reset time limitations due to the thermal recovery
after each switching and so will be the case for our proposed circuit. To solve this issue, a
different superconductor with a suitable thickness (for example, NbN with ~1 ns thermal
reset time [122]) or the same superconductor with different thickness can be used to make
the channel microwire. Furthermore, our proposed circuit is not limited to thermal hTron
devices. Our proposal will be applicable to any device that shows gate-controlled
switching between superconducting and non-superconducting states like JJ field effect
transistors [74], [75], Dayem transistors [77], [83], ferroelectric SQUIDs [42], [112], and

SO On.
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CHAPTER 7
NON-VOLATILE MEMORY ARRAY BASED ON QUANTUM ANOMALOUS
HALL EFFECT
7.1 Introduction

Electronic bands of non-trivial topology give rise to quantum phenomena at the
macroscopic scale. Under a strong magnetic field, two-dimensional electron systems
exhibit such a quantum state- the quantum Hall effect, i.e. the quantization of Hall
resistance. Back in 1988, Haldane [123] predicted that a quantum Hall state could arise
even in the absence of an external magnetic field. This new state became known as the
quantum anomalous Hall effect (QAHE). However, it took more than two decades for the
first experimental realization of QAHE, when it was demonstrated in a magnetic
topological insulator [Cr-doped Bi(Sb)>Tes] [124]-[131]. The experimental fingerprint of
QAHE is straightforward: The Hall resistance is quantized to h/ve? (where v, the so-
called Chern number, is an integer that depends on the topological properties of the band
structure) at zero magnetic field. Such simple and universal values stem from the current
being carried by lossless edge channels which require neither high electron mobility
[132], [133] nor external magnetic fields. Moreover, on a given edge, the current flows
only in one direction. Thanks to such transport properties which are also immune to
sample complexities [132], [133], QAHE can potentially be useful in spin-filtering[132],
resistance metrology [134], and topological quantum computing [135]. However, how we
can materialize these prospects and come up with a QAHE-based electronic device has
remained elusive so far.

Here we bridge the gap between the QAHE physics and device architecture to build
the framework of a scalable non-volatile memory. We utilize the quantization of Hall
resistance in QAHE to design a memory cell and then construct a 3D cross-point memory
array capable of efficient read and write operations.

7.2 Quantum Anomalous Hall Effect (QAHE)

We start by delineating the dynamics of a QAH insulator and how it can be used as a

non-volatile memory cell. Fig. 7.1(a) illustrates the schematic of a QAH insulator with

electric contacts to apply bias current and to measure both longitudinal and transverse
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Figure 7.1: (a) Schematic of a QAH insulator, where the red circles represent the
electron and the red arrows show the spin of the electrons. (b) Illustration of the Hall
resistance Ry, vs. the bias current, /gias at zero external magnetic field. /c. and Ic+ are two
critical values of Igias which determine the hysteretic switching of Ry, between -A/e” and
h/e?. (¢) Schematic of a tBLG moiré heterostructure where tBLG is encapsulated between
flakes of hBN and a flake of few-layer graphite is used as gate. (d) Ry, data, plotted as a
function of /giass at T =4 K and B = 0 T, exhibit current driven hysteretic switching.
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(Hall) voltages. The QAH states occur when an applied gate voltage tunes the bulk
carrier density to close to zero. Then, the Hall resistance shows hysteretic switching with
the change of magnetic field. Also, magnetic domains of the ferromagnetic materials (for
example, tBLG) strongly interact with the applied electrical current, which provides
electrical control over the polarization of the magnetic domains [136]. It has also been
shown [137] that the switching of Hall resistance driven by DC bias current is similar to
that driven by a magnetic field. We leverage this tunability in our design.

To design our memory cell, we use the intrinsic QAHE reported in twisted bilayer
graphene (tBLG) on hexagonal boron nitride (hBN) moir¢ heterostructure, where the
quantization of Hall resistance persists at temperatures as high as 6 K [137]. This is
significantly higher compared to the magnetic topological materials, such as transition
metal doped (Bi, Sb)>Te;s thin films [98]-[101] and MnBi,Te4[142].With the ongoing
thrust in material discoveries, room-temperature applications may become feasible. Very
recent works on QAHE in TbMn¢Sns, MnBi>Tes offer such prospects [143]-[145]. Fig.
7.1(c) schematically shows the tBLG moiré heterostructure where tBLG (with interlayer
twisted angle of 1.1°) is encapsulated between flakes of hBN. Fig. 7.1(d) shows R, as a
function of Igias for the tBLG heterostructure at zero external magnetic field and at T =4
K. As seen from Fig. 7.1(d), we can deduce the values of Ic. and Ic+ for the tBLG
heterostructure (approximately -4 nA and 100 pA, respectively) which are crucial for the
memory operation.

Broadly, our design can be implemented with any material platform harboring an
electrically tunable QAHE. Note that the exact reason behind the electrical switching of
QAHE in tBLG awaits a comprehensive understanding. Orientation of the graphene
layers as well as the interaction between the electrical current and ferromagnetic domains
in tBLG may play a role. It is also worthwhile to add that electrically tunable QAHE is
not unique in tBLG; tri-layer graphene (twisted monolayer-bilayer graphene) also shows
similar tunability [146], [147].

7.3 QAHE-based Memory
Fig. 7.2 captures the highlight of our idea to leverage the quantized Hall resistance of

a QAH insulator as a non-volatile memory cell along with the write and read operations.
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Figure 7.2: (a) R\, vs. Ipias at zero external magnetic field. (b) Hall voltage, Vs, plotted as
a function of /Igias. (¢), (d), (e), & (f) The procedures of write ‘0’, write ‘1°, read ‘0°, and
read ‘1’ operations, respectively, along with the state of electron spins (red arrows). (g)
Summary of the key idea for the QAHE based memory.
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We define the quantized Hall resistances, -h/e’ and +h/e’, as logic ‘0’ and logic ‘1’
respectively. Based on this definition, /gias can be divided into three regions (Fig. 7.2(a))
— (1) IBias < Ic.: write ‘0’ region, (ii) IBias > Ic+: write ‘1’ region, and (iii) Ic- < Ipias < Ic+:
read region. Fig. 7.2(b) shows the bias current dependence of the Hall voltage, Vy, (=IBias
X Ry). Importantly, as seen in Fig. 7.2(b), write operations of both logic ‘0’ and ‘1’ entail
positive V,, because /Igias and Ryy are either both positive (when writing logic ‘1°; Fig. 7.2
(c)), or both negative (when writing logic ‘0’; Fig. 7.2 (d)). In sharp contrast, read
operations of logic ‘0’ and ‘1’ manifest opposite sign of V,. For example, if we use a
positive bias current (0 < Igias < Ic+), logic ‘1’ and logic ‘0’ correspond to positive and
negative Vyy, respectively. The clear difference in the sign of the Hall voltage for logic ‘0’
and ‘1’ makes the sensing of the memory states simple and straightforward. Fig. 7.2(g)
summarizes the key idea of a non-volatile memory utilizing the quantization of the Hall
resistance in a QAH insulator, listing /gias for write and read operations, as well as the
state of the Hall resistance and Hall voltage for the two memory states.
7.4 Design of Cross-point Memory Array

To evaluate the practicality of a memory device, it is crucial to consider an array level
scenario. The unique properties of our QAHE based memory device necessitate a custom
designed memory array. To ensure the highest storage density, we adopt the cross-point
memory architecture [ 148] with slight modification in the inter-cell connection pattern. A
major component of the cross-point array is a two-terminal selector device [149] that
allows access to a specific cell for read/write operation and suppresses current flow
through the other cells. The selector devices are connected in series with the memory
elements in every cell. A multitude of selector devices exist [150]-[155] with diverse
selectivity (ON/OFF ratio) and switching thresholds. For our QAHE-based memory, the
Cu-containing mixed-ionic-electronic-conduction (MIEC) material will be a perfect
selector, due to its high selectivity (~10%), and ultra-low leakage (< 10 pA) [156]-[158].
Figs. 7.3 (a) and (b) show the schematic and /-V characteristics of the MIEC material-
based selector, respectively.

Fig. 7.3(c) shows the schematic view of our proposed array architecture. Every

memory cell (QAHE device + selector) is sandwiched between orthogonally running
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Figure 7.3: (a) Device structure and (b) characteristics of an MIEC material-based
selector. (¢) Illustration of the overall memory array structure, custom-designed for the
QAHE based memory devices.
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metal lines, namely word line (WL) and bit line (BL). The WLs and the BLs are shared
along the rows and columns of the array, respectively. The difference between the DC
voltages applied on the WL and BL of a particular a memory cell essentially dictates the
effective voltage across the cell (Vcen). Note, the substrate terminal of every cell is biased
with a constant voltage to maintain an appropriate electron density (not illustrated in the
figures for simplicity). Conveniently, we need only one control input, Vceu, to read from
or write into the QAHE devices. We utilize three different levels of Veen (with
appropriate polarity) to write logic ‘1/0° and to read the stored data.

Our architecture entails accessing one cell per row at a time. The Hall-voltage
terminals of the neighboring cells in the same row are electrically connected in series
with each other. Importantly, the resultant voltage across the end terminals of the series
connected cells in a row (V},,-) bears the signature of the stored data in the accessed
memory cell, along with some residual contributions from the other cells in the same row.
For example, consider that every row holds # cells, and the ™ cell of the i row is being

accessed. The resultant terminal voltage for this row can be expressed as:

n
Vir—i = Z ny—ij —2n X Vipss
j=1

n
= Ipias—ik ¥ ny—ik + Z IBias—ij X ny—ij —2n X Vi 4)

Here, V;,¢ denotes the average loss component per contact, indicating the inherent
non-ideality. The specialized biasing scheme of the memory array (discussed later)
ensures that the losses and residual components are negligible compared with the Hall
voltage of the accessed cell. As a result, the polarity of V4, is dictated by the R, of the
accessed cell. For the tBLG moiré heterostructure based QAHE device, we need to
amplify the V), from a few tens of microvolts to tens of millivolts using cryogenic
amplifiers. A suitable candidate for such an amplifier can be one of the cryogenic low-
noise amplifiers reported in Refs. [159]-[161]. After the amplification, the millivolt level
Hall voltage is used to determine the memory state of the accessed cell. Recall, during

read operation, logic ‘0’ and ‘1’ memory states correspond to opposite polarity of Hall
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voltage (Fig. 7.2(b)). Therefore, we feed the amplified V. to a cryogenic voltage
comparator [162] to sense the memory state of the accessed cell.
7.5 Modeling and Simulation Framework

We develop a Verilog-A-based phenomenological model for the QAHE in tBLG
moiré heterostructure to use in our analysis of the heterostructure as a memory cell. The
model can also be calibrated for other QAH insulators using the values of bias currents
(Ic-and Ic+) and the Chern number (v). A behavioral representation of our model is
shown in Fig. 7.4(a). In our phenomenological model, we also account for the

temperature dependence of Hall resistance using the following equation [137]:

A

Rey = 5 —Rie’T, (5)
where, R; is a fitting constant, A (= 26 + 4 K) is the energy required to create and
separate an excitation of particle-antiparticle of the QAH state and T is the temperature.
Fig. 7.4(b), which shows the temperature dependence of the Hall resistance obtained
from our model, agrees reasonably with the measured values reported in [137].
We also develop a look-up-table-based phenomenological model (in Verilog-A) for
the MIEC material-based selector and calibrate the model (shown in Fig. 7.3(b)) with the

measured current-voltage (I-}) characteristics reported in [156]—-[158].
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Figure 7.4: (a) Behavioral representation of the modeling approach for the QAHE
observed in the tBLG moiré heterostructure. (b) Temperature dependence of R,, with an
experimental matching.
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7.6 Write and Read Operations

In Fig. 7.5, we present the simulated memory operations (read/write) in our proposed
QAHE based cross-point array. Fig. 7.5(a) illustrates four types of memory cells in a
block of cross-point array. We utilize a standard biasing scheme for cross-pint arrays,
commonly known as the V/2 biasing [155]. Different levels of access voltage (Vacc) are
applied to read from or write into a specific cell. The row (column) that holds the
accessed cell is called the half-accessed row (column), because the inactive cells in this
row (column) receive half of the access voltage (Vacc/2). All the other unaccessed cells
ideally have zero voltage across them. Without any loss of generality, we assume M
(Fig. 7.3(c)) to be the accessed cell and examine its read/write dynamics. Fig. 7.5(b)
shows the cell current levels through the accessed, half-accessed, and unaccessed cells
during 1->0 memory write operation. Only the accessed cell exhibits a transition (+h/e?
- -h/e?) in the Hall resistance (Ryy) (Fig. 7.5(c)), indicating a successful write operation
in the accessed cell without disturbing the other cells. Figs. 7.5(d) and 7.5(¢) show
similar time dynamics for the 0> 1 write operation. Note, the cell current level for the
0->1 operation is of the opposite polarity compared to the 1->0 operation (Fig. 7.5(d)).

Next, we examine the read dynamics (Figs. 7.5(f)-(j)) of the proposed memory cell.
The current flow direction for the read operation is the same as the 1 >0 write operation
(Fig. 7.5(f)). However, the magnitude of the read current is about one-third of the critical
current of transition (/c.), which alleviates the possibility of accidental 1->0 data flip. In
addition, the chosen polarity of the read current nullifies the possibility of accidental
0->1 transition. The read current through the QAHE device generates a Hall voltage
(Vxy), whose polarity is dictated by the previously set Hall resistance ((+h/e’ or -h/e®). In
our design, positive/negative polarity of Vxy corresponds to logic 0/1, respectively (Fig.
7.5(g), (1)). It is worth noting, the read operation utilizes different pair of terminals than
the write operation, allowing independent optimization of read/write peripheral circuits.
Furthermore, the amplifier-comparator pairs are enabled only during the read operation to
minimize peripheral power demand. The comparator in our design also provides digital

outputs corresponding to the stored data in the accessed cell (Figs. 7.5(h) and (j)). The

69



D Accessed

E Unaccessed (UA)

1 I
1 1
1 ]
1 Nz
1 I g
: D Half Accessed Row (HAR) : [
8
: i Half Accessed Column (HAC) : : -
1 1
: | Veenij = Verj — VwLi : :
1 1
e 2 i ®
1
(b — Accessed (d) : <
6 6 )
3 -+ HAR & HAC 1 P . : =
= .. UA_ = - Qs 13 -
ER 0% E os} | B
2 g 2 i 2 21
23 6= B0 =Heens L. | &l
— Accessed 0 : (h)
-6 s -0.5 - . HAR & HAC 1o
S N——— -12 ... UA 2 £
1
© Write ‘0’ Operation (e) Write ‘1’ Operation : 8-
1| 1 — 18
9 1 Logic T’ = Logic ‘1 15 é
;\c", — Accessed g — Accessed 1a
& 0 - . HAR & HAC =0 - . HAR & HAC IE
9 P 1<
~ .. UA o .. UA i
1 | e !
Logic ‘0’ Logic ‘0 L)
0 5 10 15 0 5 10 15 1 _
T' . I ]
ime (ns) Time (ns) : g
sttt —————————————— n &
Hoow T
H Cell Bias Current, I;,. H
1 ti 1
! Operation oG
: Accessed Half Accessed Unaccessed ”
1 ™
1 . g
1 Write ‘0" -6.11 nA -11.4 pA 512 fA 1ns
1 ns
1 e
1| Write 1’ 0.922 nA 438 pA 512fA |}
I e
1 ez
H Read -2.02nA -9.73 pA 512 fA h=<=
1 1

-1

50

-1

50

— Accessed 5 :
=+ HAR & HAC 1
« UA < 1
B R 0 & 1
o 1
2
-5 = 1
1
e @+ |10 |
1
1
Read ‘0’ Operation | :
----------- ~ 1
i 2 |‘I 50 S |
! i 21
1 H
i | 3
— CE— | 1
> 1
- 1
Logic‘0” | .50 :
=~
- 2|
Read ‘0" Operation 51
- al
_[_'-"’_\_ Vop 51
ol
I |
21
g1
e Gimmmmme 0 g1
gl
ol
ol
i
Read ‘1’ O ti
ea L peration | -4 1
*~" Logicl’ _ :
- re o %}
i ! zl
1 ! 1
L -7
50 !
i
S
Read ‘1’ Operation = :
=]
1
I S VDD‘?l
: 1
i — i
21
s
- P b U
Ei
Ol
1
1
|

Figure 7.5: (a) Arrangement and types of memory cells in a conventional cross-point
memory array under the V/2 biasing scheme. Igias through different memory cells
generated by applying appropriate V4cc during (b) write ‘0’ and (c) write ‘1’ operations.
Time dynamics of R,y illustrating state transition only in the accessed cell during (d)
write ‘0’ and (e) write ‘1’ operations. (f) /giss through different cells during read
operation. Time dynamics of Ry, and V,, during (g) read ‘0’ and (i) read ‘1’ operations.
Time dynamics of the amplifier and comparator outputs during (h) read ‘0’ and (j) read
‘1’ operations. (k) Summary of Ig;,¢ through different cells during write and read

operations.
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array biasing scheme is designed to enforce high resistance mode of the selector in every
memory cell but the accessed cell. This design technique ensures that the half-accessed
and unaccessed cells encounter orders of magnitude less current compared with the
accessed cell. The MIEC selector takes an overwhelming share of any voltage applied
across the cell, averting the chances of a breakdown in the QAHE device. The bias
currents that flow through the cells during different memory operations are shown in Fig.
7.5(k) which clearly demonstrate that the memory states of the half-accessed and
unaccessed cells will not be disturbed during write or read operation in the accessed cell.
Thus, our architecture lays out a device-to-array design pathway for the QAHE based
unique memory devices.

7.7 Summary

Our cryogenic memory framework is transferable to the material structures that exhibit
current-controlled switching of QAH states (e.g., tri-layer graphene [146], [147]). Some
of these material structures will necessitate an initialization step to first create a magnetic
moment in the system. The additional analog components required for this purpose will
be parts of the array peripherals. The underlying transition mechanisms of the QAHE
devices may determine their endurance and reliable life span.

This work made the first mark to construct a working electronic device using
topological properties of materials. Here we leverage QAHE, that does not require an
external magnetic field, and design an elegant memory device that can be built with
topological quantum materials. The proposed non-volatile memory architecture is a
strong candidate for the cryogenic memory system, thanks to its ultra-low temperature
compatibility. Note, the cryogenic memory block is a crucial component of quantum
computing systems based on superconducting qubits [163]. Our proposed QAHE-based
memory device offers a significant reduction in the cell area and 1000 times reduction in
the cell read/write power compared with the state-of-the-art cryogenic memory devices
[164]-[171] (see Table 7.1 for detailed comparison). Our proposed memory device is a
potential game-changer for scalable quantum computing systems [163] and space

cryogenics [172].
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Table 7.1: Comparison with the state-of-the-art cryogenic memories

Cryogenic Memories Cell Area Power Consumption
Superconducting Memory (P 176 A G Lt
2 .
Chip [164] 50 X 46 um [Approximated 0.79 pW per cell ]
6.7 mW for 4 Kb RAM
VT RAM [168] 55 X 55 pm? [Approximated 1.64 pW per cell ]
2.4 mW for 16 Kb RAM
SFQ CRAM [169] 40 X 45 pm? [Approximated 0.15 pW per cell ]
ﬁ%%h] frequency RAM 55 5 56 (it Not Reported
0.7 mW for reading and 1.4 mW for
Hybrid Josephson-CMOS 2 writing fpr A1 P .
Misimeny [165], [166] 6.5 X 7.5 pm [Approximated 0.01 pW for reading
’ and 0.02 uW for writing per cell |
Small Array of Josephson 5 X 5 mm? = bl (s TN SO R A e

Junctions [170], [171]

(Chip Size)

writing per cell (predicted)

QAHE-based Proposed
Memory
(This work)

7 X 8 um?

0.96 pW for writing and 0.1 pW for
reading per cell (simulated)
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CHAPTER 8
QUANTUM ANOMALOUS HALL EFFECT-BASED IN-MEMORY BOOLEAN
LOGIC OPERATIONS

8.1 Introduction

Future scalability of CMOS technology will continue to become more challenging due
to the exorbitant power dissipation resulting from the aggressive downsizing. This
limitation is one of the major concerns in designing high-performance systems at the
architecture level. Cryogenic electronics, where the processing and storage units are
cooled to very low temperatures (4 K or below), is an extreme yet one of the most
promising solutions to circumvent this high-power dissipation issue. Cryogenic
operations lead to significant improvement in computing speed and energy efficiency
compared to the room temperature operations (illustrated in Fig. 8.1(a)) [12], [13], [28].

Recent studies show that the cryogenic superconductive systems consume around 80
times less energy compared to the room-temperature 7 nm CMOS technology even
including the cost required for helium cooling [25]. Nevertheless, the cooling cost
remains a challenge for the cryogenic systems, calling for a low-power and low cooling-
cost cryogenic system architecture [174]. For low-power operations, the compute-in-
memory (CiM) architectures, where computation and memory operations are performed
within a memory array, have been explored for cryogenic and room temperatures with
both volatile (SRAMs [175]-[177] and DRAMSs [176], [178], [179]) and non-volatile
(resistive [180]—[182], spintronic [85], [183]-[185], ferroelectric [186]—[188], phase
change [189], [190], and others [191]) memory platforms. CiM architectures avoid the
power-consuming data movement between the processing and memory units and hence,
can operate with a high energy efficiency [192].

Along with the excellent energy efficiency, CiM architectures can lead to throughput
improvement. ‘Memory wall’, the growing disparity of speed between the processing and

memory units, is one of the major challenges for the von-Neumann architecture (shown in
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Figure 8.1: (a) Significant improvement in computing speed and energy requirement
with the lowering of operating temperature. Computing speed and energy requirement
have been normalized by the value at room temperature (300 K). Illustration of (b)
traditional von-Neumann architecture and (¢) compute-in-memory (CiM) architectures.

Fig. 8.1(b)) in today's big data computing era. With the emergence of data-intensive
applications (such as machine learning and artificial intelligence, etc.), the performance
mostly depends on the memory units. Moreover, the data transfer between the memory
and the processing units causes delay and requires more energy than the computation
process itself, posing a bottleneck [193]. For example, Google’s recent studies show that
about 20-42% of the energy is required to drive the high-speed data bus connecting the
processing and memory units [194], [195]. On the other hand, CiM architectures aim to
significantly reduce the data transfer (Fig. 8.1(c)) and hence, emerge as an attractive
solution to the ‘memory wall’ bottleneck for data-intensive applications. Also, CiM
architectures take advantage of the large internal memory bandwidth and hence solve the
issue of limited throughput through massive parallelism.

Beyond traditional computing, quantum computers will also benefit from the CiM
architectures. A quantum computing system also comprises several classical hardware
components, including a control processor and a memory block [9], [163]. The state-of-
the-art quantum computing systems necessitate that the control processor and the
memory block operate at cryogenic temperature. The speed and energy demands of the

existing cryogenic memory systems are not yet comparable to the cryogenic single flux
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quantum (SFQ) control processors [9], [12], [51], [196]-[198]. Thus, an equivalent
‘memory wall’ problem arises even in the quantum computing paradigm. Cryogenic CiM
can help alleviate this disparity and reduce classically imposed overhead in quantum
computing systems [9].

As mentioned earlier, almost all the volatile and non-volatile memory platforms have
been explored for in-memory computing. Such CiM architectures, at room temp, have
convincingly demonstrated significant mitigation of memory wall and show better
performance with higher throughput and energy efficiency. At cryogenic temperatures,
few works including volatile SRAM [177] and non-volatile STT-MRAM [85]-based
CiMs have been characterized. It is now well established that the performances (latency
and energy efficiency) of the CMOS devices (SRAMs and DRAMs) improve
significantly at cryogenic temperatures [28], [113] which is supposed to reduce the
‘memory wall’ bottleneck. However, the cryogenic temperatures are also supposed to
increase the speed of the processing units by about 30-40% [12] which will increase the
memory data access rate and worsen the ‘memory wall’ issue. Compared to the volatile
platforms, the non-volatile platforms show significantly higher energy efficiency at room
temperatures [178], [199], which makes them very attractive for the cryogenic CiMs.
However, in the only cryogenic characterization of non-volatile memory (STT-MRAM)-
based CiM architecture [85], it has been reported that the cryogenic operations improve
the latency but lower the energy efficiency compared to the room temperature operations.
The characterization of FeFET at cryogenic temperatures also reported higher energy
requirements compared to the room temperature since the program and erase voltages
increase at cryogenic temperature [200].

While researchers, to date, have only characterized the room temperature memory-
based CiM architectures at cryogenic temperatures, we present a CiM architecture based
on a cryogenic device. Here, we utilize the QAHE observed in tBLG moiré
heterostructures [137]. In Chapter 7, we have already discussed a cryogenic memory
system harnessing the QAHE phenomenon, which provides ultra-low-power
performance, high scalability, excellent distinguishability between two logic states,

simple peripheral circuitry, and higher sense margin. In this work, we utilize the same
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memory array with modified peripheral circuitry to demonstrate compute-in-memory.

The key contributions made by this work are highlighted below-

e This is the first attempt to design a cryogenic CiM technology using a dissipation-less
topological material system that we argue to be a natural fit for this application.

e In contrast to previous works that aimed to characterize conventional CiM
technologies at cryogenic temperature [85], [177], we design this Cryo-CiM
technique from scratch using physical phenomena native to cryogenic environment.
Thus, we avert the limitations of the conventional technology platforms.

e Unprecedentedly, our architecture can compute all fundamental logic operations
(NAND, NOR, XOR) within a single-cycle. We construct a peripheral assembly with
dynamically customizable reference to facilitate on-chip sensing and interpretation of
different Hall voltage levels which allows the design to achieve this feat.

e Our design continuously computes an analog sum of Hall voltages which
dramatically improves performance and reduces power demand.

8.2 QAHE-based Logic-in-memory System

We utilize the crosspoint memory array (discussed in detail in Chapter 7) developed
using the MIEC material-based selector and QAHE-based memory element to perform
in-memory logic operations. Note, for the QAHE-based memory, to sense the memory
state of a cell in the memory array, a simple voltage comparator, able to differentiate
between positive and negative voltage, was sufficient. However, for the in-memory logic
operations, a more complicated peripheral circuitry is required. Fig. 8.2(a) shows the
complete crosspoint memory array with the modified peripheral circuitry for in-memory
computing. In this work, we discuss the read and in-memory logic operations with this
memory array. Please refer to Chapter 7 for a detailed discussion on the biasing schemes
for accessing a specific cell in the array (write and read operations) and design of
peripheral circuitry for the memory operations.

In this memory array, to activate a cell for read and logic operations, a suitable voltage
is applied between the BL and word-line WL which creates the read current through the
corresponding memory cell. As shown in Fig. 7.2(b), the read current creates two

different polarities of V5, for two memory states. We connect the Hall voltage terminals
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Figure 8.2: (a) QAHE-based cryogenic CiM structure. (Wires of different colors are not
connected to each other unless shown using black dots at the intersections between two
wires.) (b) Schematics of the reference generator and the sense amplifier. (¢) Truth table
for the 2-input logic operations and the corresponding voltage levels for different logic
combinations. (d) Conditions for choosing the reference voltages for read and in-memory
logic operations such as NAND, NOR, and XOR.
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of the memory cells in a row so that the input of the amplifiers of each row gets the sum
of the Hall voltages of all the cells in that row (Fig. 8.2(a)). The sum of V, of the
activated cells is first amplified from micro-volt level to milli-volt level using a cryogenic
voltage amplifier [159]-[161]. Then this amplified voltage is processed in the sense
amplifier which generates the final output for the read and logic operations. The sense
amplifier, modified for the CiM purpose, consists of two simple voltage comparators
(VCI and VC2), one inverter, and one AND gate (shown in Fig. 8.2(b)). The two voltage
comparators are used to compare the amplified voltage with two different reference
voltages (Vrerr and Vger2) set by the reference generator. In our simulation, we utilize a
behavioral model for the voltage comparators which behave as (similar to all the

conventional voltage comparators):

v 2{ 0, Vin < Vger
out Vop, Vin = Vrer (1)

However, these voltage comparators can be implemented using the Josephson
junction-based voltage comparator [162] and voltage comparators with the CMOS
devices characterized at cryogenic temperature [30], [176], [201]. As shown in Fig.
8.2(b), the reference generator consists of two 4-to-1 multiplexers (MUX) which generate
the two reference voltages for the voltage comparators based on the logic operation to
perform (represented by ‘opcode’). The table in Fig. 8.2(d) captures the conditions for
choosing the values for the reference voltages to perform different operations (such as
memory read, NAND, NOR, and XOR). The noteworthy feature of this sense amplifier
design is that it can be configured for different logic operations only by setting suitable
reference voltages.

8.3 Functional Verification

To simulate the read and in-memory logic operations, we use the same simulation
framework discussed in Section 7.5 of Chapter 7 and simulate a 4 X 4 memory array with
the MIEC-based selector, QAHE-based memory element, and the modified peripheral
circuitry. Using this framework, we first simulate the memory read operation to
demonstrate that the peripheral circuitry, modified for the logic operations, can also be

used for the memory read operation. Fig. 8.3(a) shows the biasing scheme to access the
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Figure 8.3: Biasing scheme for the WLs and BLs during (a) memory read operation and
(b) logic operations. Voltage applied to BL and the voltage generated at the output of
the amplifiers during (c) read ‘0’ and (d) read ‘1’ operations. Time dynamics of the sense
enable signal (SEN) and output of the sense amplifier during (e) read ‘0’ and (f) read ‘1’
operations. (g) Voltage at the outputs of the amplifiers for different logic combinations
(°00°, ‘01, °10°, and “11”) in the rows. Time dynamics of the sense enable signal (SEN)
and output of the sense amplifier during (h) 2-input NAND, (i) 2-input NOR, and (j) 2-
input XOR operations.
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first column (keeping all the other columns unaccessed). To demonstrate the read
operation for both logic states, we utilize the first two cells of the first column (logic ‘0’
in My and logic ‘1’ in My1). Figs. 8.3(c) and (d) show the applied read voltage at BL; and
the corresponding Hall voltage generated at the output of the amplifier during read ‘0’
and read ‘1’ operations, respectively. Figs. 8.3(e) and (f) show the proper read operation
using the peripheral circuitry after activating the sense amplifier and choosing the
suitable reference voltages for the read operation. We estimate an average of ~1.75
nW/cell programming power, and ~1 nW/cell read power. Fig. 8.3(b) shows the biasing
scheme for the logic operations where we apply the read voltages to the first two columns
and assume that the 1%, 2", 3 and 4™ rows of the array store ‘00’, ‘01°, “10°, and 11’
logic conditions, respectively. Fig. 8.3(g) shows the voltage at the output of the
amplifiers of the four rows where ‘00’, ‘01’and “10’, and ‘11’ logic combinations entail
~105mV, 0 mV, and ~ — 105 mV at the outputs of the amplifiers, respectively. The
clear distinction in the voltage level corresponding to the logic combinations makes the
logic operations and the design of peripheral circuitry simple. Figs. 8.3(h), (i), and (j)
present the final outputs for all the logic combinations for NAND, NOR, and XOR
operations, respectively. Irrespective of the type of logic operation, the average power
remains ~2 nW per bit per operation (excluding peripheral power).
8.4 Variation Analysis

We also explore the effects of variation on the in-memory logic operations. In terms of
variations, QAHE-based memories provide a clear advantage compared to other
memories as shown in Fig. 8.4. In all the memories, there are two main sources of
variation- (i) the input biases applied to write and read and (ii) the two logic states.
Variation from these two sources mostly affects the separation between the memory
states which leads to the requirement of complex sensing circuitry and read error in the
extreme case. Furthermore, since CiM operations are essentially a modified version of
memory read accesses, a reduced sensing margin due to variations inevitably affects the
robustness of CiM operations. Advantageously, in QAHE-based memories, the two Hall
resistance states are topologically protected and consequently remain constant at + h/e?

as long as the temperature remains at 4 K/below [137]. Therefore, there is only one major
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Figure 8.4: (a) Input distribution of the cell read current with a 10% variation of the
nominal value (—2.02 nA) to run a 10000-point Monte-Carlo simulation. Distributions of
(b) the cell Hall voltage and (¢) the amplified row voltages (sum of active cell voltages)
resulting from the variation considered in the read current shown in (a).

source of variation in the QAHE-based memories- the variation in the write or read bias.
To demonstrate the effects of variation in our QAHE-based in-memory computing, we
run a 10000-point Monte-Carlo simulation considering a 10% variation in the read
current with its nominal value at -2.2 nA (Fig. 8.4(a)). The resulting distribution of the
cell Hall voltage is shown in Fig. 8.4(b). Consequently, we can find the distributions for
the amplified row voltages as depicted in Fig. 8.4(c) which clearly shows that there is no
effect of read current variation on the 01/10 logic combinations because the resistance
levels remain constant. On the other hand, for ‘00’ and 11’ logic combinations, we
observe the effect of read current variation in the row voltages. Note that considering the
variation, there is still a significant amount of separation between the voltage levels to set
the reference voltages. Therefore, the outputs of the in-memory logic operations can be
generated using a very simple sense amplifier with two reference voltages.
8.5 Summary

Cryogenic in-memory computing provides impressive energy efficiency that can solve
the memory wall bottleneck for both conventional and quantum computing fields and the
cooling issues of the cryogenic systems. Here, we have demonstrated a cryogenic CiM
based on the QAHE observed in the tBLG moir¢ heterostructure. We have proposed
modified peripheral circuitry with specific biasing schemes along with a reconfigurable
sense amplifier for the memory read and in-memory logic operations such as NAND,
NOR, and XOR. The sense amplifier can be configured (only suitable reference voltages
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need to be chosen) to perform different in-memory operations in single-cycle. The
QAHE-based CiM provides additional advantages such as- ultra-low-power requirement
thanks to the nano-ampere level of switching current, better immunity to variations
provided by the topologically protected Hall resistance states, and better scalability
enabled by the small cell area and the simpler peripheral circuitry. Through this work, we
commence an effort to embed CiM techniques in QAHE-based memory systems and

possibly beyond.

82



CHAPTER 9
IN-MEMORY BIT-SERIAL ADDITION USING QUANTUM ANOMALOUS
HALL EFFECT-BASED MAJORITY LOGIC
9.1 Introduction

As highlighted in Chapter 6, CiM architectures can solve both ‘von Neumann’ and
‘memory wall’ bottlenecks by processing data inside the memory array. However, unlike
the CMOS implementation, CiM accommodates usually the homogeneity of logic gates
(only NAND or only NOR) [120]. In this regard, in-memory Majority logic proves to be
more efficient compared to other logic primitives since Majority along with NOT gate is
considered to be functionally complete.

Majority logic is a Boolean logic primitive which generates an output of logic ‘1’
when there is a greater number of logic ‘1’ among the inputs. Fig. 9.1(a) shows the
symbols and truth tables for 3-input and 5-input Majority logics. The logic expression of
a 3-input Majority gate is-

Maj (a,b,c) = (a&b) | (b&c) | (c&a) (1)
where a, b, and c are the inputs. The idea of Majority logic was first put forward in
1960 [202] and several beyond CMOS devices such as spin waves [203], single electron

tunneling [204], quantum dot cellular automata [205], nanomagnetic logic [206],
superconducting Josephson junction [121], etc. have been used to implement Majority
logic. The advantages of Majority logic are- (i) other Boolean logic gates such as AND
and OR can be implemented using Majority (Fig. 9.1(b)), (ii) in some technologies (for
example, quantum dot cellular automata), the implementation of Majority logic is simpler
and more efficient compared with other logic primitives such as NAND, NOR, and XOR,
and (ii1) Majority logic enables the efficient implementation of arithmetic-intensive
systems with lower number of gates [120], [203]-[205]. The utilization of Majority logic
in arithmetic-intensive circuits reduces the logical depth up to 33% compared to the AND

implementation [207].
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Usually in CiM architectures, one logic primitive (either NAND or NOR) is

implemented and then, all the other logic functions are implemented based on that.

Therefore, implementing an in-memory full adder requires the XOR gate to be

implemented using either NAND or NOR which consequently increases the required

logic levels. For example, the implementation of a XOR gate requires a sequence of four

NAND operations. However, a 1-bit full adder can be implemented using one 3-input and

one 5-input Majority gates (Fig. 9.1(c)) since the logic expression of a 1-bit full adder

can be simplified to-

and

Cout = Maj (A, B, Cyp)
Sum = Maj (A; B, Cinr Cout' Cout)

2

Fig. 9.1(d) shows the implementation of a 1-bit full adder using NAND, NOR, and

Majority logic along with NOT gate which illustrates that the Majority gate-based

implementation reduces the logic level by 50% (57.14%) compared to the NAND

(NOR)-based implementations [120]. Now, when the full adders are mapped inside the

memory system for in-memory implementation, the use of Majority logic reduces the

84



number of required cycles by 60% compared to the NAND and NOR-based
implementations (Fig. 9.1(e)) [120].

In this chapter, we present a cryogenic in-memory Majority logic which is further used
to design an in-memory full adder. Full adder is a critical component for the processing
units in both room temperature and cryogenic electronics as it is required in the
arithmetic logic unit, floating point unit, and address generation to access the memory
unit [208]. Therefore, an efficient cryogenic full adder is required in the control processor
of quantum computers, cryogenic electronics, and the processor used in the spacecrafts.
We utilize the QAHE-based memory array (discussed in Chapter 7) to implement the in-
memory Majority function and subsequently, a full adder. QAHE-based memory array
shows two unique characteristics that benefits the implementation of in-memory Majority
logic- (i) during read operation, we get positive (negative) Hall voltage (V) across a cell
for logic ‘0 (‘1°) state and (ii) Vy,, of all the cells in a row are algebraically summed.
These two features lead to positive (negative) voltage corresponding to the Majority ‘0’
(‘1”) output irrespective of the number of inputs which dramatically simplifies the design
of peripheral circuitry.

9.2 QAHE-based In-Memory Majority

We utilize the same QAHE-based crosspoint memory array of Fig. 7.3 to implement
in-memory Majority logic. To perform the Majority functionality, when odd number of
cells are activated in a row, we get two distinguishable voltage levels (positive and
negative) corresponding to the two logic outputs (‘0° and “1°, respectively). Table 9.1
shows the truth table along with the corresponding voltage levels for 3-input and 5-input
Majority. As evident from this table, the Majority function can be implemented in the
QAHE-based memory using only a simple voltage comparator which is used for the
memory read operation. This advantage is unique to the QAHE-based memory system

and there are two major reasons- (i) Vy,, with two opposite polarities for two memory
states and (i1) adding the V,,, of all the cells in a row. Another major advantage of QAHE-

based in-memory Majority is that we will get this same distinguishability (positive and
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Table 9.1: Impmentation of 3-input and 5-input in-memory majority logic

Y. Inputs Vr (mV) Vout (logic)
==
0 150 0 NV
. 1 50 0 SeNy
3-input 5 50 1
3 -150 1
0 250 0
1 150 0 =
) 2 50 0 Il
S-input 3 50 1 §
4 -150 1 =
5 -250 1

negative levels) in the voltage irrespective of the number of inputs (3, 5, 7, etc.). The
cases of 3 and 5 inputs are shown in Table 9.1.
9.3 QAHE-based In-memory Adder

We implement the 1-bit full adder by implementing one 3-input and one 5-input
Majority logic. Fig. 9.2(a) shows the array structure to calculate C,,; where three QAHE
cells in a row storing the three inputs (A4, B, and C;,,) are activated. In this step, we
calculate and store both C,,,; and C,,; since C,,; Will be used in the next bit addition as
Cin and C,,; is required to calculate Sum according to (2). Therefore, the sense amplifier
should be able to calculate both out and out at the output. Fig. 9.2(b) shows the
activation of five QAHE cells to calculate Sum where three cells store the three inputs
and two cells store C,y;.

To verify the functionality of 1-bit full adder using the in-memory Majority logic with
the QAHE-based memory system, we utilize the same simulation framework discussed in
Section 7.5 of Chapter 7. The simulation results for all the possible input combinations
are shown in Fig. 9.3. Fig. 9.3(a) shows the different levels of voltage at the output of the
voltage amplifier after applying suitable Ip;,s to the cells storing the inputs. Then, when
we apply the enable signal and reference voltage to the sense amplifier, we get C,y,¢

and C,,; at the output performing 3-input Majority (Fig. 9.3(b)). Then, we store C,,; and
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C,out» and in the next cycle, we activate five cells together to perform 5-input Majority
logic to calculate Sum (Fig. 9.3(c)).

Finally, we show an example of performing bit-serial addition in QAHE-based
memory array using the in-memory Majority logic (Fig. 9.4). We consider that each of
the inputs (4 and B) consists of eight bits and we perform the Majority functionality by
activating different columns in the same row. Here, we divide the memory array into data
columns to store the inputs and outputs, and compute columns to calculate C,,,; and Sum.
We again divide the data columns to store the inputs (4 in the first eight columns and B in
the next eight columns) and the addition result (Sum in the next eight columns). We use
the compute columns to store the copied versions of A and B, Cj,, Coyr, and Cyye. In the
compute columns, we store both C,,,;, and C,,; twice because we will need C,,,; for the
next bit addition and two C,,; to calculate Sum. In Fig. 9.4, we only show the addition
of the first bits of A and B. Fig. 9.4(a) shows the initial state where the inputs (4, B, and
Cin) are stored. In the next two cycles (Figs. 9.4(b) and (c), respectively), we copy A[0]
and B[0] to the corresponding compute columns (labelled 4 and B, respectively).
Afterwards, we calculate and store C,,; and C,,; by activating three compute columns
storing A[0], B[0], and C;;, (Fig. 9.4(d)). In the final step, we calculate Sum by activating
five compute columns (Fig. 9.4(¢)) and store the result in the designated location.
Similarly, the addition of the next bit will be performed where C,,,; will be used as C;,.
As shown in Fig. 9.4, the proposed adder adds an overhead of eight additional columns to
perform the computation. Note, even if we consider larger input size (1024 or 2048 bits
instead of 8) of the inputs for different applications, the number of additional columns
required will still be eight due to the use of bit-serial addition mechanism [208]. Another
major advantage of this proposed in-memory adder is that due to the use of QAHE-based
memory array, no modification in the memory array and the sense amplifier is required
whereas all the existing in-memory implementations of adder require some degree of

modification in the peripheral circuitry. Moreover, in terms of variation tolerance, the use
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Figure 9.4: Steps of in-memory bit-serial addition in a QAHE-based memory system.
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of QAHE-based memory array entails a major advantage because the two Ry, states are

topologically protected and remain constant at —h/e? or +h/e? for any temperature
below 4 K [48], [137].
9.4 Comparative Analysis

In this section, we compare our proposed QAHE-based in-memory full adder with
NAND and NOR- based implementations. AdderNet [209], a deep neural network
(DNN), shows that the computationally complex multiplication operations can be
replaced with addition. AdderNet not only achieves same accuracy as the binary and
convolutional neural networks but also improves latency because the latency of
multiplication is higher than addition. Here, we show the superiority of our proposed
QAHE-based in-memory addition hardware for implementing AdderNet. Fig. 9.5(a)
shows the number of cycles required to implement different DNN models for different
datasets with NAND-, NOR-, and the proposed QAHE-based in-memory adders. Here,
VGG-Small, ResNet-20, and ResNet-32 models are used for CIFAR-10 and CIFAR-100
datasets, while ResNET-18 and ResNet-50 models are used for ImageNet datasets [209].
In all the cases, we show that the QAHE-based in-memory adder requires a significantly
smaller number of cycles than NAND and NOR implementations.

Next, we show the advantage of using QAHE to implement the Majority logic,
comparing with the memristor-based implementation. Memristors have already been
utilized to develop non-volatile memory [210], CiM architecture [211], neuromorphic
system [212], associative memory [213], [214], etc. at room temperature. However, we
show that our proposed QAHE-based Majority logic can offer unique advantage
compared to the memristor-based implementations. Here, we use the one-transistor one
resistor (1T1R) memristive array framework from [210] to simulate the Majority logic.
Fig. 9.5(b) shows that for 3-input Majority logic, the memristive memory provides a
separation of around 68 uA (depends on the memristor and read voltage) for the sensing
purpose. Note, all the conventional memory platforms (such as memristive, ferroelectric,
spintronic, phase-change, etc.) will require differentiating between two current levels
with same polarity (positive/negative) to detect the majority output. However, in our

proposed QAHE-based majority logic, we get two voltage levels with opposite polarities
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Figure 9.5: Comparison of our proposed QAHE-based in-memory majority logic with
other approaches, highlighting the advantage of using QAHE.

(Fig. 9.5(c)). Moreover, for majority logic with higher inputs, it is seen that both the
current levels (used to detect the majority output) increase (Fig. 9.5(d)) and require
different reference levels to be set for the sensing operation. However, in the QAHE-
based approach, we get voltage levels with opposite polarities and with same values (Fig.
9.5(e)) for any number of inputs. Therefore, the same sensing circuitry can be used to
perform Majority logic with any number of inputs.
9.5 Summary

In-memory computing is envisioned to provide a unique advantage for cryogenic
systems by improving the energy efficiency and consequently, reducing the cooling issue.
Here, we proposed an in-memory adder based on Majority logic using the QAHE-based
cryogenic memory. The QAHE-based memory allows us to implement in-memory
Majority functionality without any modification in the peripheral circuitry. A simple
voltage comparator can be used as the sense amplifier like the memory read operation.
Finally, we utilize this in-memory Majority functionality to implement an in-memory
adder which requires total 4n + 1 cycles for inputs with n bits. This proposed QAHE-
based in-memory adder can be a promising candidate to perform addition tasks in

different cryogenic applications.
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CHAPTER 10
CONCLUSION
10.1 Summary

This dissertation explored the utilization of two superconducting devices, namely FE-
SQUID and ATron, and the unique QAHE phenomenon observed in topological materials
for cryogenic applications. The scope of this dissertation spanned the applications of
these promising superconducting and topological devices in designing cryogenic logic,
memory, and in-memory computing systems. We utilized experimentally calibrated
compact models to simulate and analyze the designed circuits and systems.

By combining the distinctive features of FE-SQUID and hTron, we developed a
scalable cryogenic memory array that offers non-volatility, scalability, voltage-controlled
operation, high energy-efficiency, and advantages of having separate read-write paths.
This innovative memory design avoids the limitations of conventional superconducting
memory topologies, such as inductive coupling and bulky peripheral circuits, thus
presenting a promising solution for scalable cryogenic memory systems.

Furthermore, we introduced a voltage-controlled superconducting logic family based
on FE-SQUIDs, which resolves issues such as single fanout and the need for additional
current splitter circuits in existing current-controlled superconducting logic designs.
Leveraging the interaction between FE-SQUIDs and hTrons, we achieved seamless
cascadability and enhanced functionality in logic circuits.

We also developed a cryogenic in-memory computing system based on FE-SQUID
technology which can perform matrix-vector multiplication with high energy efficiency.
This can facilitate the energy efficient implementation of machine learning algorithms
which are useful for control and error correction of qubits in quantum computing system.
We performed different classification tasks with this system which provide better
accuracy compared with the existing approaches.

Then, we modified the FE-SQUID-based memory system to design a unique
cryogenic ternary content addressable memory which utilizes the unique characteristics
of FE-SQUIDs. Firstly, the design TCAM provides binary decisions in the exact search
mode for match and mismatch conditions, eliminating the need for additional complex
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peripheral circuitry. Secondly, the TCAM call can also be programmed to calculate the
Hamming distance to find out the nearest search.

We also demonstrated a single hTron-based reconfigurable logic circuit capable of
executing various single- and multi—input logic operations, through suitable biasing
conditions. Unlike conventional designs, our approach reduces the number of required
devices in logic gates, leading to a more compact implementation of superconducting
processing units. Additionally, by utilizing the same circuit for different logic operations,
we introduce the possibility of developing a camouflaged processing unit with uniform
layouts, mitigating the risk of reverse engineering. This innovation holds significant
promise for advancing the efficiency and security of cryogenic computing systems.

Additionally, we leveraged the QAHE phenomenon in topological devices to design
an ultra-low power, non-volatile memory system compatible with cryogenic
temperatures. This QAHE-based memory device offers significant reductions in cell area
and read/write power compared to conventional cryogenic memory devices, thus
presenting a compelling solution for cryogenic memory systems.

Furthermore, we demonstrated the implementation of a cryogenic in-memory
computing architecture based on QAHE, showcasing its ultra-low power requirements,
immunity to variations, and scalability advantages. We also proposed an in-memory
adder based on majority logic, utilizing QAHE-based cryogenic memory, which offers a
promising solution for addition tasks in various cryogenic applications.

In summary, the findings presented in this dissertation represent significant
advancements in cryogenic computing, offering innovative solutions to challenges faced
by existing technologies. These contributions lay the groundwork for the development of
scalable, energy-efficient, and high-performance cryogenic computing platforms, with
potential applications in quantum computing, high-performance computing, and
aerospace exploration.

10.2 Future Works
10.2.1 hTron-based Current-Splitter Circuitry
One of the major limitations of the existing superconducting logic circuits is that their

operation depends on current bias. Therefore, these current-controlled logic circuits are
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limited to single fanout because if one output current is connected to multiple inputs in
the next stage, the output current will be divided and will hamper the functionality of the
next stage logic gates. To achieve higher fanout, a current splitter circuit is used. The
current splitter circuit takes a current as input and generates multiple current outputs with
the same magnitude of the input current. This provides seamless fanout and cascadability
for the current-controlled circuits.

The current splitter circuit is nothing but a combination of multiple buffer or copy
gates. The number of buffers determines the number of fanout. Also, the generation of
multiple current signals from one input with the same magnitude requires careful design
of the buffer circuit. Our designed hTron-based reconfigurable logic circuit (discussed in
Chapter 6) can be used to design a current splitter circuit. The high area efficiency of the
designed reconfigurable circuit will improve the area efficiency of the current splitter
circuitry, and in turn, will solve the scalability issues of the existing current-controlled
superconducting logic circuits.

10.2.2 Superconducting Neuromorphic Computing with FE-SQUID and hTron

In the future, the use of superconducting devices such as FE-SQUIDs and hTrons
represents a promising avenue for the construction of neuromorphic computing
architectures. The extreme energy efficiency of superconducting devices and circuits will
help us develop an efficient and scalable computing system like human brain. These
devices offer a synergistic combination of non-volatility, ultra-low power dissipation, and
high-speed operation — making them suitable for energy-efficient, cryogenic
neuromorphic computing.

FE-SQUIDs are tunable synaptic units due to their hysteretic nature that is regulated
by ferroelectric polarization states. Memory storage without the use of static power is
aligned with the specifications for synaptic weight storage in spiking neural networks
(SNNss). Furthermore, continuous tunability of the critical current using ferroelectric
gating holds promises towards the use of analog or multi-level synapses that are critical
to learning higher accuracy.

On the other hand, hTron—a current-controlled superconducting switch—can be used

for neuron-like thresholding and firing dynamics. Its high-speed switching and single-
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flux quantum (SFQ) pulse compatibility qualify it for realizing integrate-and-fire or leaky
integrate-and-fire neuron models. When co-integrated with FE-SQUIDs, hTrons can
support hybrid neural implementations where memory and weighting functions are done
by FE-SQUIDs and spike generation and routing by hTrons.
10.2.3 Probabilistic Computing with hTron

Another promising direction is the application of hTron devices to probabilistic
computing, a paradigm that is well adapted to tasks such as Bayesian inference,
stochastic optimization, and machine learning. Due to the intrinsic thermal sensitivity and
stochastic switching behavior of hTrons near their critical operating point, these devices
can be engineered to function as hardware random number generators or probabilistic bit
(p-bit) elements. By modulating the input current close to the switching threshold of the
hTron, controlled randomness of its output can be triggered enabling natural integration
of probabilistic logic gates and Boltzmann machines. Controlled randomness can be used
to construct energy-efficient probabilistic circuits in the cryogenic regime with thermal
noise and quantum fluctuations used as computational resources, rather than as a source
of noise. Future research will include the creation of hTron-based probabilistic units, the
determination of their tunability and reliability, and their integration into more complete
stochastic computing architectures that are compatible with superconducting logic and

memory technologies.
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