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SUMMARY

Ferroelectric memories have been widely investigated for both analog Compute-
In-Memory (CIM) and buffer memory applications. In conventional analog CIM, weights
are represented by the conductance of non-volatile resistive memories. However, these
resistive memory arrays suffer from high static power, serious IR drop, and sneak-path
issues. To overcome these challenges, ferroelectric “capacitive” crossbar arrays are
proposed in this thesis since the capacitive approach (1) only consumes dynamic power,
(2) has no DC sneak paths, (3) avoids IR drop along wires, and (4) has a high 3D stacking
potential. In this thesis, ferroelectric capacitive crossbar arrays are investigated from device
physics, device/array measurement, circuit simulation, to system-level benchmarking,
where a cross-layer framework is built to connect the device and circuit parameters to
system-level metrics. On the other hand, ferroelectric non-volatile memories as embedded
storage units are also investigated. More specifically, an endurance-aware compiler is built
to estimate the impact of the endurance issues of Ferroelectric Random-Access Memory
(FeERAM) on system lifetime; 2T1F FERAM is proposed for its ultra-compact cell area and
low-power characteristics compared to the conventional 1T1F FERAM; The temperature
dependency of FERAM endurance and sense margins will also be analyzed. Besides
FeRAM, two other ferroelectric on-chip memories will be introduced. First, a ferroelectric
non-volatile SRAM will be investigated due to its zero-leakage and instant-on advantages
for edge devices with low active rates. Finally, a ferroelectric tunnel junction with high

on/off ratios and multiple memory states per cell will be demonstrated.

Xiii



CHAPTER 1. INTRODUCTION

1.1 Motivation

1.1.1 Conventional Compute-in-Memory Method with Resistive Memory

Deep Neural Networks (DNNs) have achieved significantly improved accuracy in
large-scale visual recognition and classification tasks [1]. To achieve higher accuracy, the
depth and size of state-of-the-art deep learning algorithms are increased aggressively [2-
4]. This poses significant challenges for hardware implementations in terms of
computation, memory, and communication resources. Processing the huge amount of data
causes significant challenges for the conventional von Neumann architecture, where severe
data congestion occurs between the memory and processing cores due to the long memory
access latency and expensive energy per bit [5]. To reduce the energy- and time-consuming
data movement, analog Compute-In-Memory (CIM) has been proposed to directly perform
computation within the memory arrays. Besides the reduction in data traffic, CIM also
allows parallel computation and compact storage of DNN parameters. With these
advantages, CIM-based DNN accelerators have been intensively studied to achieve a high

system energy efficiency and compute efficiency [6].

Conventionally, non-volatile  “resistive” memories with programmable
conductance states (referred to as RRAM in this thesis) are the fundamental building blocks
of analog CIM [5]. As shown in Fig. 1.1, the most common operation in DNNs, Vector-
Matrix Multiplication (VMM), is mapped to the RRAM array. The input vector is encoded

as Word Line (WL) voltages, and the weight matrix is represented by different conductance



levels of the RRAM cells in the array. With the input as WL voltage and conductance as
weight, the resulting current flowing through each memory cell represents the product of
each entry between the input vector and weight matrix. Subsequently, the currents along
each Bit Line (BL) are automatically accumulated, enabling the parallel Multiply-
ACcumulate (MAC) operations. The summed current is the weighted sum and will be
converted into the digital domain by the following Analog-to-Digital Converter (ADC).
Representative RRAM includes Phase Change Memory (PCM), metal-oxide resistive
memory, Magnetic Memory (MRAM), and three-terminal flash transistor or Ferroelectric

Field-Effect Transistor (FeFET) with programmable threshold voltages [5].

Layer i Layer i+1
@ —Forward-> y | SL/BL header 1T1R WL
| | 3
] 1
IN[1]
IN[2] §
L g mapped to 5 vee
R ) memory . §'
' ININ] Isuh==i
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2| | ADC |
- 1 1
| Shift-add |

Figure 1.1: A common operation, vector-matrix multiplication, in neural networks is
mapped to the resistive CIM hardware. The conventional approach with resistive memories
applies WL voltages as the input vector, tunable conductance of the resistive memories as
the weight matrix, and the resulting current along each BL as the output weighted sum.

However, there are some drawbacks to this resistive CIM approach. First, the low
resistance state (RLrs) of the RRAM is usually of only a few kQ. The low Rirs results in a
high static current and thus consumes a large static power, especially when there are many

2



rows turned on simultaneously during the MAC operation. Furthermore, the small Rirs
could result in a serious IR drop issue, where the WL/BL wire resistance (Rwire) becomes
comparable to the cell resistance, resulting in only a part of the applied voltage dropped on
the RRAM and the rest dropped on the wires. With IR drop, the memory cells that are
farther away from the voltage source (or separated by a longer wire) experience a lower
voltage than the cells that are closer to the voltage source do. The voltage difference could
cause inaccurate MAC operations as well as imprecise weight updates and disturbances
during write operations. The IR drop worsens with a larger array or a more advanced
technology node, where the wire resistance becomes even higher. The low Rirs also
induces sneak-path current through the crossbar structure, causing further degradation in
compute accuracy and leakage power. To counter the write disturbance and sneak paths,
an extra access transistor is often used, where the memory cell becomes one transistor in
series with one RRAM. However, the width of the access transistor is usually sized up to
deliver the high write current of the resistive synapse [6], leading to a large cell area (>60F?

[7]) and a lower area efficiency.

On the other hand, inspired by the principle of charge preservation, non-volatile
capacitive crossbar arrays based on different types of capacitive memories have been
proposed to overcome the disadvantages of the resistive crossbar array for CIM [8]. The
non-volatile capacitive arrays utilize programmable small-signal capacitance states (at DC
zero bias) as weight instead of the conductance. Since capacitors consume only dynamic
power, a significantly smaller static power can be achieved. Moreover, the open-circuit
nature of a capacitor can effectively block the sneak-path current and prevent IR drop along

wires. Without the need for an access transistor, the cell size of a capacitive synapse can



ideally be kept at the minimum 4F2. Finally, the capacitive memories can be read at DC
0V bias which can effectively avoid disturbance to the stored data in the memory cells

during read operations.

Based on these reasons, this thesis proposed a non-volatile capacitive crossbar array
with ferroelectric capacitive memories for CIM. The investigation of this new computing

paradigm spans from device physics, array designs, to system-level benchmarking.

1.1.2 Buffer Memory

Besides the synaptic memory for weight storage, a buffer memory is equally
important in DNN accelerators [9, 10] to store the huge number of intermediate data in
DNN inferencing and training. For data storage on chip, Static Random-Access Memory
(SRAM) or embedded Dynamic Random-Access Memory (eDRAM) are conventionally
used as the buffer memory. However, with the technology scaling, SRAM suffers more
and more from its high leakage power and the large cell area. For eDRAM, although it has
a higher memory density, periodic refresh operations are required to restore its charge
leakage over time. The refreshing power in eDRAM is typically much higher than that of
the standalone commodity DRAM [11] due to its much shorter retention time. On the other
hand, emerging non-volatile memories, such as Ferroelectric Random-Access Memory

(FeERAM), have been actively researched to replace SRAM and eDRAM.

1.1.2.1 Non-volatile SRAM

For SRAM, although it can provide fast speed and high read/write cycles, the high

leakage power during idle states causes undesirable energy consumption, especially for



edge devices with low active rates. To suppress the leakage power, non-volatile SRAM
(nvSRAM) has been proposed to power off itself during idle time. Before power off, data
from the storage nodes of the nvSRAM are programmed into local non-volatile memories
(NVM) on chip, such as RRAM [12-14] and ferroelectric capacitors [15]. Once the power
is turned on, key information will be directly written back into SRAM without significant
delay due to data reloading from off-chip NVM. The local NVM storage during the power-

off state also provides the advantage of having lower privacy and security risks.

However, today’s nvSRAM has two major drawbacks. First, if nvSRAM is
designed with storage nodes directly connected to NVM, constant stress will be induced
on the NVM during normal operations, resulting in reduced retention of the NVM. Second,
the RC parasitics from the NVM will impact the SRAM’s write and read static noise
margins during normal operations. To solve these problems, isolation transistors have been
proposed to decouple NVM from SRAM during normal operations. However, the isolation
transistors inevitably increase the memory cell size and subsequently decrease the memory
density. Another challenge of today’s nvSRAM is that the logic Vb cannot support the
voltage required for program/erase operations of the NVM. The most commonly used
NVMs for nvSRAM are RRAM and ferroelectric capacitors, of which the write voltage is
usually larger than 2V. If we rely on VDD of the SRAM to store the data to NVM, the high
voltage prevents nvSRAM from being implemented in advanced technology nodes ([12]

at 180nm, [14] at 90 nm, [15] at um-scale).

A new nvSRAM design with ten transistors and two ferroelectric capacitors will be

introduced in this thesis to solve all the aforementioned issues.



1.1.2.2 FeRAM

On the other hand, FERAM as an emerging on-chip buffer memory has the
advantage of high memory density (especially when it becomes 3D stackable), non-
volatility (with negligible leakage power), and logic process compatibility (using standard
CMOS processes and fab-friendly materials such as doped HfO2) [16-19], alleviating many
disadvantages observed in SRAM and eDRAM designs. The read/write operations of
FeRAM can be achieved as low as 2ns [18], making it a possible on-chip cache (buffer)
memory candidate whose speed requirement is usually <10ns. However, FERAM
consumes high read and write energy with a relatively higher operating voltage (2.5V [17],
2.4V [16], 1.8V [16, 18], 1.5V [19]) than that of the core logic. Furthermore, in order to
make FERAM competitive, a technology scaling path toward 28 nm or beyond must be
identified. However, sufficient polarization charges are still required from the ferroelectric
capacitor for a distinguishable sense margin, so the surface area of the capacitor needs to
be maintained while the technology scales. The surface area can be maintained either by
increasing the area of the capacitor or making a 3D cylindrical capacitor with a large aspect
ratio. The first strategy imposes the overhead of a larger silicon footprint and thus a smaller
area efficiency, while the second one increases the fabrication cost due to a more complex
fabrication process. Details on some examples of industrial 1-Transistor-1-Ferroelectric-
capacitor (1T1F) FeRAM prototypes are provided in the following paragraph, where either
3D ferroelectric capacitors in cylindrical shape or 2D capacitors with a large silicon

footprint are used.



Sony [16] demonstrated a 1Mb FeRAM macro with 10 and 10%* endurance cycles
with 1.8V and 2.4V operating voltages, respectively, at 130nm node. The ferroelectric
capacitor is fabricated in a cylindrical shape occupying 0.028um? to provide sufficient
charges for a well-defined sense margin. CEA Leti [17] demonstrated a 16Kb macro with
Back-End-Of-Line (BEOL) compatible fabrication process. An endurance >10 cycles can
be achieved with 4.8V, while the minimum write voltage is 2.5V. 2D ferroelectric capacitor
is used, occupying 0.16 pm? Intel [18] demonstrated a bit-cell design with anti-
ferroelectric capacitors. An endurance of 10'% can be achieved with a relatively lower
operating voltage, -1.8V/1V. An anti-ferroelectric capacitor with a cylindrical shape is
shown with a diameter of 95nm and an aspect ratio of 3. A fast 2ns switching speed is
achieved. Micron [19] targeted the DRAM application with a total 32Gb memory capacity.
A record 10% endurance is achieved with 1.5V. The BEOL-compatible ferroelectric

capacitor is in a cylindrical shape with a high aspect ratio >15.

Besides the large capacitors that are difficult to scale, FeRAM suffers from another
issue — write endurance. The write endurance suggests how many write operations a
memory cell can sustain before it becomes unreliable. The state-of-the-art ferroelectric
capacitors from the industry have been shown with a write endurance of 10%° to 10%°. The
endurance issue becomes even more concerning if we consider the read-destructive nature
of FeERAM operations, where a write-back step is needed at the end of the read operation
to restore the memory state that is disturbed by the reading voltage pulse which has the
same amplitude as the ones for the write operation. However, there is a very limited
investigation on how a given write endurance of a ferroelectric memory design can be

translated to the system lifetime for a given application. Hence, a methodology that can



connect the device endurance to system lifetime is urgently required. The methodology
should be incorporated into an endurance-aware compiler and further provide strategies to

alleviate the endurance issue if needed.

1.1.2.3 Ferroelectric Tunnel Junction

Ferroelectric Tunnel Junction (FTJ) has been proposed not only as an emerging
non-volatile embedded memory but also to realize crossbar arrays for CIM since it has a
selector-like exponential 1-V characteristic and ultra-low off-state current [20-22].
Therefore, theoretically, the high resistance of FTJ can solve the problems of sneak-path
current and IR drop issues that are present in conventional RRAM designs as described in
section 1.1.1. The exponential I-V characteristic of FTJ serves the purpose of a built-in
selector that prevents the read and write disturbance. Hence, FTJ arrays can maintain the
optimal memory density without an additional access transistor or a selector. Recent
progress in the doped HfO:2 ferroelectric materials makes the FTJ fully compatible to

CMOS processes [23].

However, FTJ often shows a low on/off ratio (<30) and ultra-low on-state current
density (<0.1 mA/cm?) even with a read voltage larger than 1V. The low on/off ratio will
degrade the sense margin, and the low on-state current will lead to extremely long sensing
time even when using the optimized sense amplifier designs [24]. Using NAND Flash as
a reference, its sub-100nA read-out from a single cell leads to 10’s us sensing time.
Therefore, given the sub-nA nature of FTJ, it is challenging to use FTJ for practical

memory applications due to the long latency to access the stored information.



1.2 Research Objective and Contribution

1.2.1 Non-volatile Capacitive Crossbar Array for Compute-in-Memory

This thesis proposed and thoroughly investigated a novel computing paradigm that
uses ferroelectric non-volatile tunable capacitance instead of conductance to represent the
weight values. The proposed capacitive approach is shown to outperform the conventional
approach in energy efficiency, area compactness, and reliability. The research on this topic

spans areas of device physics, array-level circuit design, to system-level benchmarking.

At the device level, two flavors of capacitive synapses are introduced both
experimentally and in simulation. Metal-Ferroelectric-Metal (MFM) designs are
compatible with three-dimensional stacking for a high area efficiency, while Metal-
Ferroelectric-Silicon (MFS) designs enable a higher memory on/off ratio for a higher array-
level signal-to-noise ratio which is important to achieve a high DNN inference accuracy

with an acceptable system overhead.

At the array level, our work is the first to experimentally demonstrate MAC
operations at the array level using ferroelectric non-volatile capacitance as weights. We are
also the first to provide design space exploration on this new computing paradigm, where
output parameters, such as the Effective Numbers of Bits (ENOB), are investigated and
mapped as a function of different device and array parameters, including device variation,

temporal noise, array size, and peripheral circuit design.

At the system level, a cross-layer framework is built to determine the impact of

device and array parameters on system performance. With this framework, the tolerance of



an application/algorithm for various device non-idealities, such as device-to-device
variation, can be derived. This framework also allows us to determine which DNN model
can achieve a better accuracy or be run more energy efficiently with a specified hardware
setting. By using this framework, we can also optimize the capacitive system for an

arbitrary application or further compare the performance with the conventional approach.

Overall, this thesis proposes a new computing paradigm, conducts a cross-layer

investigation, and explores its design space from device to system.

1.2.2 FeRAM for Buffer Memory

We first show that FeRAM-based buffer memory outperforms the conventional
memory in terms of the system energy efficiency. Next, to determine whether the FeERAM
endurance is sufficient for a given application, an endurance-aware compiler is proposed
to bridge the knowledge between device and system engineers, where it maps the device
endurance for a given FeERAM design to its corresponding system lifetime for different
applications. Moreover, two system-level strategies are applied to further extend the system

lifetime of FeERAM-based memory.

To solve the scaling issue of FeERAM, a new FeERAM cell design with 2-Transistor-
1-Ferroelectric-capacitor (2T1F) structure is introduced both experimentally and in
simulation, exploiting the concept of a gain cell. This proposed design successfully scales
the required area of the FE capacitor in FeRAM by ten times while lowering the write and
read energy by ten and seven times respectively. This significant reduction in both area and

energy consumption paves the way for this technology to scale beyond 28nm node. Lastly,

10



the temperature dependency of the sense margin of FeERAM from 4K to 400K will also be

investigated in this thesis.

1.2.3 Other Ferroelectric Memory

This thesis will also introduce a novel nvSRAM design with 4 BEOL transistors
and 2 ferroelectric capacitors on top of a 6T SRAM. It is designed with a low supply
voltage, small cell area, better reliability, and better scalability compared to the

conventional nvSRAM.

Finally, FTJs with multiple levels of memory states per cell and large on/off ratios

will be demonstrated. The potential applications for this technology will also be analyzed.

1.3 Thesis Organization

The rest of this thesis is organized as follows: Chapter two discusses the non-
volatile capacitive CIM. First, the operating principle of the capacitive CIM will be
introduced and compared with its resistive counterpart. Then, the device physics and
design-technology co-optimization of two flavors of capacitive synapses, MFM and MFS,
will be discussed. Finally, the cross-layer framework that connects device and array
parameters to system metrics will be introduced. Chapter three discusses different aspects
of FeERAM. An endurance-aware compiler for FeRAM-based buffer memory is proposed
to estimate how different levels of device endurance in FERAM correspond to the system
lifetime of DNN hardware accelerators for different algorithms. The system energy
efficiency of the accelerators based on buffers with different memory technologies will

also be evaluated and compared. Next, a new FeERAM memory design will be introduced.

11



An experimental demonstration will be followed by simulation results, showing how this
design can significantly reduce the area and energy consumption of FeRAM. Chapter four
presents the 10T-2F nvSRAM with better reliability and lower supply voltage. Chapter five
shows our FTJ design with large on/off ratios and the capability of multiple memory states
per cell. The feasibility of FTJ for both buffer memory and CIM applications will be

analyzed.

12



CHAPTER 2. NON-VOLATILE CAPACITIVE ARRAY FOR

COMPUTE-IN-MEMORY

2.1 Comparison between Resistive and Capacitive Compute-in-Memory

In conventional von Neumann computer architecture, the processing cores and the
memory are separated. The data transfer between processors and the memory is both time-
and energy-consuming [25]. The recent advances in deeper and larger DNN algorithms
demand more frequent data communication. To overcome the bottleneck in performance
due to this “memory wall,” compute-in-memory (CIM) has been proposed to directly
perform computation within the memory arrays, thus offering ultra-high energy efficiency.
Digital CIM typically stores the weight values of DNN in SRAM, while analog CIM stores
them in non-volatile memories [6]. Compared to the digital approach, analog CIM offers
low standby power and high area efficiency due to the non-volatile nature and area
compactness of emerging non-volatile memories, such as RRAM, at the same technology

node [5]. The operating principle of analog CIM with RRAM is explained in section 1.1.1.

Although analog CIM with RRAM has been intensively studied for its potential to
achieve a high system energy efficiency, there exist several outstanding limitations in this
resistive approach as listed below, preventing analog CIM from being implemented in

large-scale systems.

1. The first issue is the high static power consumption during the MAC operations.
The high power consumption can be attributed to the low resistance state (RLrs) of

RRAM, typically only a few kQ [26]. This results in high static current and thus
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high static power, especially when multiple WLs are simultaneously activated

during the parallel MAC operations of CIM.

. The second issue is the IR drop along WL/BL wires, causing inaccuracy in
computation. When the wire resistance (Rwire) IS comparable to the low Rirs of
RRAM, the applied voltage partly drops on the WL/BL wires instead of fully
dropping on the selected cells. This results in both incomplete programming and
imprecise reading. The IR drop issue becomes more serious when we move to a

more advanced technology node since Rwire becomes larger at scaled dimensions.

. The IR drop also limits the array scalability as Rwire increases when the wire becomes
longer. As the IR drop issue sets an upper limit of the array size (typically less than
128), more arrays are needed to achieve a given memory capacity, resulting in a
higher routing complexity and an area overhead.

. The low Rvrs also results in sneak-path leakage during the parallel MAC operations,
where the sneak-path current injects errors into the weighted sum and increases the
leakage power.

. There is read disturbance to unselected cells. Although the typical read voltage for
RRAM is about 1/3 to 1/2 of the write voltage and cannot directly flip the memory
state, it can still gradually disturb the stored data during consecutive readouts,
causing inaccuracy of the MAC results.

. A large memory cell area is needed for the resistive synapse. To prevent the
disturbance issue and sneak paths, an access transistor is often applied, i.e., 1-
transistor-1-resistor (1T1R) design. As the transistor needs to endure the high write

current/voltage of RRAM, it is often sized up with 1/O device dimensions (e.g.,
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60F is reported in Intel's 1T1R design [26]. Although smaller than the cell size of
SRAM at the same node, it is still a non-negligible silicon footprint, increasing the

routing distance and worsening the IR drop issue as well.

In summary, the roots of these problems are often the low Rirs in RRAM and the
non-zero read voltage. On the other hand, a novel computing paradigm with non-volatile
capacitive (NVCAP) memories instead of the resistive memories has been experimentally
demonstrated recently [8, 16-18, 27, 28]. The capacitive approach uses the non-volatile
programmable capacitance instead of conductance to represent weights. The primary
difference is that the resistive synapses are exploiting the current-domain computing, while
the capacitive synapses are exploiting the charge-domain computing. The detailed

operating principle are introduced in the following section.

Capacitors naturally have an extremely high resistance. Therefore, the issues of IR
drop, sneak-path currents, and high static power consumption are immediately solved. The
read voltage for the non-volatile capacitor has also been demonstrated at 0 V DC bias with
100 mV input pulses [29], so the read disturbance is effectively eliminated with such as a
read voltage. Since the capacitive approach has the potential to avoid read disturb, IR drop,
and sneak-path currents, it could eliminate the need for an access transistor as usually
required in the resistive approach. As a result, the capacitive approach can potentially lead
to a smaller cell area and employ a true crossbar array architecture that supports multi-tier
3D stacking at the BEOL, where the peripheral circuits could be hidden underneath the
memory array following the concept of CMOS under array. A qualitative comparison

between capacitive and resistive CIM is shown in Fig. 2.1.
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Figure 2.1: (a) Issues in resistive CIM (b) Benefits of capacitive CIM (c) Comparison
between resistive and capacitive CIM.

2.2 Capacitive CIM Approach and its Operating Principle

This section discusses the basic operating principles of the capacitive crossbar array
for CIM [28]. The operating principle of the non-volatile capacitive CIM is shown in Fig.
2.2. There are two steps for one MAC operation. In Step 1, the goal is to charge each
capacitor, where inputs are encoded as WL voltage pulses (e.g., with 100 mV amplitude),
and the weights are encoded as either high or low capacitance states of the programmable
non-volatile capacitors. The charges on each capacitor represent the product of each entry.

In Step 2, the goal is to transfer all charges to the reference capacitor (C,..r) which shunts

the operational amplifiers (OPAMPs). At the beginning of phase 11, the switches near the
OPAMP are turned off, making the BL voltage an analog ground with a DC potential near

the common-mode voltage (V). Then, the WL voltages return to V,,, making the cross
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voltages across each capacitor become zero voltage. Therefore, the free charges on the
BL side of each capacitor are forced to flow through the only path available towards C,..
The charges result in an output voltage (V,,;) which is sensed by the following ADC as
the weighted sum. With more WL voltages turned on or more capacitors in the high-
capacitance state, there will be more charges and proportionally a higher V,,,;. The charge-

transfer latency in Step 2 is also referred to as the column delay in the rest of the thesis.

Step 1: Step 2:

Charging each Transferring all
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Vout; Vouty Vout, Vouty

weighted sum of j" column = Vout; = 2i Qi’/c o where i = row # and j = column #
re

Figure 2.2: Operating principle of the non-volatile capacitive CIM.
2.3 Two Flavors of the Capacitive Synapses — MFM and MFS

Two types of recently proposed non-volatile capacitive synapses are shown in Fig.
2.3 [28]. The first type is metal-ferroelectric-metal (MFM) and the other is metal-
ferroelectric-silicon (MFS) (Fig. 2.3(a)). We experimentally measured the small-signal
capacitance-voltage (C-V) relationship of both MFM and MFS capacitors, as shown in Fig.

2.4(b) and (c), respectively. The high and low capacitance states (HCS, LCS) are measured
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at DC 0V with 100mV AC excitation (or 100mV pulse) to avoid read disturbance. MFM
capacitors has a high potential for 3D stacking to achieve ultra-high memory density since
it can be fabricated with BEOL-compatible processes, while it is more difficult for the MFS
capacitor to achieve such an advantage because of the semiconductor layer. Compared with
the MFM capacitor with typically smaller on/off ratios (<2), the MFS capacitor shows a
larger on/off ratio = 25 which is good for a higher signal-to-noise ratio (SNR) or a higher
effective number of bits (ENOB). A higher ENOB can help achieve a higher inference
accuracy with a lower system overhead. With the large on/off ratio, the MFS design also
has the potential to achieve multiple levels of capacitive states per cell (MLC) (Fig. 2.3(d)).

More details about the capacitive synapses will be introduced in the following subsections.
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Figure 2.3: (a) Schematic of MFM and MFS capacitive synapse. (b) HCS and LCS are
measured at DC 0 V to avoid read disturbance. MFM is BEOL-compatible but has a low
on/off ratio. (c) MFS shows a higher on/off ratio ~ 25 with MLC potential but has a lower
BEOL compatibility. (d) On/off ratio, Cy s, and C,.s of the MFS device are extracted.
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2.3.1.1 MEM Capacitor

In this thesis, TiN/HfosZros02 (HZO) (10nm)/TiN stacks are used as the MFM
capacitive memory. Their Polarization-Voltage (P-V) curve is shown in Fig. 2.4(a). The P-
V characteristics are commonly exploited in the FeRAM application, where a large-signal
voltage sweep is applied. However, for a capacitive synapse (Fig. 2.4(b)), the memory
states are extracted from the asymmetric small-signal capacitance versus DC-bias (C-V)
relation, where the DC bias was swept, and the small-signal AC excitation was applied on
top of each DC bias. The distinct capacitive states at DC 0V are used as memory states to
avoid read disturbance. It should be noted that the small-signal C-V in Fig. 2.4(b) is

different from directly taking the derivative of the large-signal P-V in Fig. 2.4(a).

~
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Figure 2.4: Comparison between large-signal P-V and small-signal C-V curves. (a) P-V
and (b) C-V plots of 10nm-HZO FE capacitors as non-volatile synaptic devices.

In real circuit implementation, inputs are usually represented by voltage pulses
instead of the ac excitation in Fig. 2.4(b). Hence, in Fig. 2.5, we verified this operation by
applying a voltage step function to the capacitor with different pre-programmed states. The

current charging the FE capacitor in response to the voltage pulse is integrated as charges
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which represent the weighted sum. The on/off ratio of charges obtained in Fig. 2.5 is the
same as the capacitive on/off ratio observed in Fig. 2.4(b). This shows that this capacitive

memory can be operated by common array operations.
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Figure 2.5: Integrated charges at different capacitive memory states. The charges on the
ferroelectric capacitor are extracted by integrating its current response to a voltage pulse.

The capacitance states, input voltage pulses, and integrated charges represent the weight
values, input values, and weighted sum, respectively, in array operations.

The non-volatile capacitance states due to its C-V asymmetry (Fig. 2.4(b)) can be
attributed to the domain wall (DW) pining effect [30, 31]. That is, some domains in the
ferroelectric material are “unswitchable” and pinned to a certain polarization direction as
the nucleation seeds for the other polarization state are inhibited. Let us assume the middle
domain (the blue dipole) in Fig. 2.6(a) is pinned up-polarized (the positive side facing up),
where ideally all the domains should have been down-polarized after a write voltage of 3V
is applied on the top electrode if there is no pinned domain. Now if we apply a small
negative voltage, -dV, on top of the capacitor, negative charges will be induced due to the
vertically enlarged blue dipole and shrunk orange dipole. Similarly, charges can also be

induced due to the horizontally enlarged dipoles over other oppositely polarized dipoles
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(Fig. 2.6(a)). These additional charges that are induced due to the horizontal expansion of
the blue dipole (or so-called DW motion) can only happen when there are oppositely
polarized adjacent domains (more DWSs). Therefore, for Fig. 2.6(b) without DWs after the
capacitor is programmed with -3V, no additional charges could be induced. As a result, the
polarization state with more DWSs induces more charges during AC small signal excitation,
resulting in a larger small-signal capacitance. More domains are pinned up-polarized in our
sample due to the non-perfect bottom electrode interface. During quasi-DC double sweep,
the double-peak increase of & reflects the domain flipping while the higher peak of r from
the reverse sweep compared to that from the forward one is due to the pinned up-polarized

domains inducing more DWs when the backward sweep tends to flip the domains down.

(@) oV after 3V ov-dVv
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+ + +  a - -+ + + + i = N
--=- +t++ - - - - +'++++I+ -
(b) OV after -3V ov-dv

(fewer charges induced by -dV)

000-000

FF¥ F FFF FF¥F¥ FFFF FFFF

Figure 2.6: Illustration of the physical mechanism of the asymmetric C-V in Fig. 2.4(b).
The pinned domain induces DW motion and additional charges under AC small-signal
excitation, leading to a larger small-signal capacitance [30].

2.3.1.2 MFS Capacitor

Compared to the MFM capacitor, MFS is less compatible to the fabrication process
of a 3D stacking design. However, it has a much larger on/off ratio than its MFM
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counterpart. In this thesis, a ferroelectric field-effect transistor (FeFET) test vehicle with
Si-doped HfO: as the ferroelectric gate stack is used as MFS capacitors. The measurement
scheme is shown in Fig. 2.7(a-b), where four types of C-V measurement setups are applied.
The measurement results are summarized in Fig. 2.7(c). A large on/off ratio at 0V DC is
observed only with setup (3) and (4). For both setups, the high terminal of a CV meter is
connected to the gate and the low terminal is connected to both source and drain. The body
is floated in setup (3) and grounded in setup (4). Note that the ground that the body is
connected to in setup (4) is separate from the low terminal of the CV meter. Fig. 2.7(d)
shows the C-V curves for 20 FeFET devices with gate area=5540um?. The relative standard
deviation (RSD) o/u, was measured to be 1.68% and 4.93% for Chcs and Cics,
respectively. The average on/off ratio is 24.58 with an RSD of 5.18%. The hypothetical
physical mechanism for Cucs and Circs of setup (3) and (4) is illustrated in Fig. 2.8: a
positive sweep makes the ferroelectric domains down-polarized, inducing inversion
negative charges and resulting in a larger Crcs (when measured at OV DC bias). On the
other hand, when a negative bias is applied, holes are injected by band-to-band tunneling
and trap-assisted tunneling from both source and drain [32]. As a result, the polarization of
the ferroelectric layer is reversed, resulting in only the overlap capacitance remaining as
Crcs when measured at DC 0V. Since a larger on/off ratio can significantly boost the
signal-to-noise-ratio (SNR) of the weighted sum in CIM and increase the potential for
multi-level storage, setup (3) is selected for the rest of this work. Further analysis of how
different device structures impact the on/off ratios will be discussed in the next section.
Similar to the MFM case, capacitance states read at DC 0V prevent read disturbance during

consecutive read operations.
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Figure 2.7: (a) Top-view microscopic image of the GlobalFoundries FeFET capacitive
synapse. (b) Split C-V measurement setups. (c) Measured C-Vs of FeFET for four different
measurement setups, where setup (3) and (4) are used for a large on/off ratio. (d) Measured
C-V curves of 20 FeFET capacitive synapses with gate area=5540um? showing an on/off
ratio of 24.58 (setup (3)).
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Figure 2.8: Hlustration of the hypothetical physical mechanism for (a) high and (b) low
capacitance states in the capacitive FEFET in setup (3).

To investigate the capacitance on/off ratio in Cga and Cgs of FEFETS, simulations
were conducted using Sentaurus TCAD. Figure 2.9(a) shows the structure and doping
concentration of the n-type FeFET used in the simulation, with a gate contact that is
positioned directly above the ferroelectric surface. The key parameters of this work,

including gate length (Lg) and overlapped length (Lov) between the gate and source/drain,
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are marked in Fig. 2.9(a) [33, 34]. Figure 2.9(b-c) show the net charge densities at Vq=0V
for HCS and LCS respectively, where programming voltages of 3.5V and —3.5V were
applied respectively. When the device is in HCS (Fig. 2.9(b)), its threshold voltage is
negative, resulting in an inversion layer across the channel at V¢=0V. When measuring
Cgst+Cya at a high frequency, the oxide capacitance is measured, and high Crcs is achieved
because the entire gate area contributes to the effective capacitance. On the other hand, as
shown in Fig. 2.9(c), when the device is in LCS, the threshold voltage is positive; hence,
at Vg=0V, an accumulation region is formed by the thermally generated holes in the p-type
body. As a result, Cgs+Cgya at high frequency is defined only by the overlapped region
between the gate and source/drain, resulting in a low Cvrcs. Figure 2.9(d-e) display the C-
V curves obtained from experimental and simulation data, respectively. Both results were
collected from the devices with Lg=0.56pm at 1IMHz frequency. The TCAD simulation
successfully captured the small-signal C-V hysteresis observed in the experimental data.
Furthermore, the simulation results matched the capacitance range and operating voltage

of the experimental data through the optimization of the device parameters.

Figure 2.10(a) depicts the simulated C-V characteristics as a function of Lg, with a
fixed width of 1um. The results indicate that as the gate length increases, CHcs increases
proportionally. Additionally, Fig. 2.10(b) illustrates Crcs and Cics as a function of gate
area. It is observed that Crcs is linearly proportional to the gate area, indicating that the
inversion layer can produce a high capacitance when the device is in the HCS. CLcs, on the
other hand, remains constant regardless of gate area. This is because the inversion layer
disappears when the device is in the LCS, and only the overlapped area contributes to the

capacitance.
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(d) Experimental and (e) simulated C-V curves of the FeFET capacitive synapse.

The overlapped area effect on Circs is examined in Figs. 2.10(c-d), where the
simulated C-V characteristics are shown to be dependent on Lov when Lg is fixed. It can be
seen as Lov increases with increasing Crcs. The relationship between Chcs, Cics, and the
overlapped area is depicted in Fig. 2.10(d). As discussed in Figure 2.10(a-b), CHcs is
dependent on the gate area, so it remains constant regardless of the overlapped area. On the
other hand, Cvrcs has a linearly proportional relationship with the overlapped area. From
this, it can be concluded that Cics is defined by the overlapped area between the gate and
the source/drain. For Si-channel front-end-of-line (FEOL) FeFET, the gate to source/drain

overlap area is influenced by the self-aligned doping process, making it challenging to

25



achieve precise control. However, in back-end-of-line (BEOL) FeFET [35], the overlap

capacitance can be effectively managed by designing the pattern of the source/drain metal.
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Figure 2.10: (a) C-V curves versus Lg. (b) Chcs and Cuics as a function of the gate area. (c)
C-V curves versus Lov. (d) Chcs and Cics as a function of the overlapped area.

Figure 2.11(a) summarizes the relationship between the capacitance on/off ratio
and the gate area/overlapped area ratio. The linear relation between the capacitance on/off
ratio and the gate area/overlapped area ratio suggests that the capacitance on/off ratio can
be further improved (>100) by modifying its structural design, such as increasing the gate
area and reducing the overlapped area. Of course, it should be noted that as the device is
scaled down, the on/off ratio will decrease due to the difficulty in adjusting the overlapped
area. Further scaling down of the device can be achieved to maximize the on/off ratio by
optimizing the structure and fabrication process. Figure 2.11(b) shows Cics, CHcs, and
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on/off ratio depending on the gate work function, which results in a horizontal shift of the
C-V curve. It can be seen that both CLcs and Chcs increase as the work function decreases,
and there is an optimized point where the on/off ratio can be maximized. Hence the work
function engineering can be conducted to further increase the on/off ratio while

maintaining the device dimensions.
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Figure 2.11: (a) Correlation between on/off ratio and gate area (Agae)/overlapped area
(Aoverlapped) ratio. (b) Crcs, Chcs, and on/off ratio depending on gate metal work function.

2.4 MFM Array-Level Measurement
2.4.1 Array Fabrication and Measurement Setup

[29] shows the fabrication process for the HZO-based MFM crossbar capacitors
and arrays. The TiN/HZO/TIN capacitor stacks were deposited using plasma-enhanced
atomic layer deposition (PEALD). Figure 2.12(a) shows the schematics of a single crossbar
capacitor in our fabricated array from lateral and top viewpoints. With this MFM capacitor,
we fabricated a 12x12 capacitive crossbar array as shown in Fig. 2.12(b). The capacitance-
voltage (C-V) curve of the MFM capacitor is shown in Fig. 2.4(b).
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Figure 2.13(a) shows the schematic of our measurement setup, where the rows
receive input voltage in parallel through a switch matrix. The columns are externally
connected to operational amplifiers (OPAMPS) on a printed circuit board. VMM is
performed in two phases: 1) Charging the array and 2) Charge transfer to the output. In our
setup, input pulses with 100mV/ OV represent binary 1/0 in the input vector. The input
vector is multiplied by a column of capacitive weight, resulting in the product of charges
on each capacitor. The charges along each BL are transferred to Crer and contribute Vout as
the weighted sum. With more devices in HCS or more input activated, there will be more
charges and thus a higher Vout. Measurement setup for “reading weighted sum” and
“program/erase” is shown in Fig. 2.13(b-c). The photo of the array-level measurement

setup is shown in Fig. 2.14.
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Figure 2.12: (a) lllustration of top and lateral views of the HZO crossbar capacitors. (b)
Microscopic photo of the fabricated capacitive array with unit cell area = 10x10um?.
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Cre and (2) transferring all charges in a column to Cret. (b-c) lllustration of the experimental
setup for (b) reading weighted sum and (c) program/erase.

Figure 2.14: Photo of the entire measurement setup.

2.4.2 MAC Operation

Figure 2.15(a) shows the weighted sum, Vout, Over 12 measurement trials. The array
consists of eight 50x50um? synaptic cells with all input being “1”. The tight distribution in
Fig. 2.15(a) implies low cycle-to-cycle variation. Averaged Vout in Fig. 2.15(b) shows a

high linearity versus the number of HCS cells. Arrays with smaller synapses are also
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demonstrated in Fig. 2.15(c-d). Compared to Fig. 2.15(b), Fig. 2.15(c) shows a smaller
output swing because the overall charges are reduced with a smaller unit cell area,
25x25um? with the same Crer. To further reduce the unit cell area down to 10x10um? and
maintain an output swing > 100mV, Cret needs to be decreased accordingly, as shown in
Fig. 2.15(d). A highly linear relationship between Vout and the number of turned-on WLs
is also proven (Fig. 2.16(a)) with an ultra-tight distribution (Fig. 2.16(b)). Practically, it is
challenging to measure sub-10pum capacitor’s response due to parasitics and sensing limit
in any off-chip instrument. Therefore, the performance of nanoscale capacitive crossbar

arrays is projected by simulations in later sections.
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Figure 2.15: Array-level VMM experiments: measured output voltage represents weighted
sum versus the number of high capacitance states (HCS) among a total of eight capacitive
synapses in a column of an array with different unit cell sizes (a-b) 50x50 um? (c) 25x25
um? (d) 10x10 um?, with all the input turned on. (a) scatter plot of 12 measurements for
each number of Cre in HCS. (b-d) Each point is an averaged value over 12 readouts.
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Figure 2.16: Measured output voltage versus number of turned-on inputs with all devices
programmed to HCS. (a) scatter plot of 12 measurements for each number of turned-on
inputs. (b) averaged value over 12 consecutive readouts.

2.4.3 Reliability

Reliability tests of the MFM array are performed. Figure 2.17 shows the cycling
endurance with 3V/1ms pulses to reprogram the weight pattern. Even after thousands of
such strong pulses, a distinct sense margin at Vout Still exists. Figure 2.18(a) shows the 15-
hour retention at 85°C, where a clear Vout Sense margin can be extrapolated to 10 years.
Decreasing Vout in both HCS and LCS over time implies a decreasing capacitance. This
might be a result of the imprint effect. As shown in Fig. 2.18(b), hours after programmed
to HCS, the small-signal C-V curve shifts to the left, resulting in lower HCS capacitance.
On the other hand, after erased to LCS, the right-shifting C-V (Fig. 2.18(c)) causes the LCS

capacitance to decrease.
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Figure 2.17: (a) Array-level pulse cycling endurance with all devices programmed to HCS
or LCS. 3V/1ms pulses are applied before reading the weighted sum, Vout.
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resulting in HCS/LCS decreasing over time.
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2.4.4 Write Disturbance

It is well known that a cross-point structure without selectors or access transistors
may suffer from write disturbance. That is, there will be non-zero voltage across memory
cells that are not to be programmed, and this voltage may alter the memory states of those
“half-selected cells.” To evaluate the condition of write disturbance, we first assume a
common programming scheme shown in Fig. 2.19(a), where the selected cell receives a
full Vwrite (Vw) and the other cells receive 1/3 Vw [5]. The measurement condition to
evaluate write disturbance is as follows. After a 1ms Vw pulse setting the capacitor to either
a higher or lower capacitance state (HCS/LCS), a 1/3 Vw with opposite polarity is applied
to alter the memory state. Figure 2.19(b) shows that the capacitance shifts in both HCS and
LCS are below 10% of the total margin. The larger error in HCS after write disturbance
can be attributed to the imprint effect [36]. This result shows that the capacitive array can

potentially be designed without selectors or access transistors.
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Figure 2.19: (a) 1/3 Vw scheme (b) HCS and LCS error after write disturbance.
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2.5 MFM Array-Level Simulation
2.5.1 Design Parameters and Benchmarking

To evaluate the array-level energy consumption and latency of the non-volatile
capacitive design for CIM, we run SPICE simulation at the 22nm technology node with a
circuit schematic, as shown in Fig. 2.20. Each BL is connected to the negative input of its
corresponding OPAMP to provide a virtual ground for the charge-transfer step, which is
discussed in section 2.2. To determine the desired ratio between Cre and Crer, an ideal
analytical equation (1) can be used. The output voltage (Vout) represents the weighted sum

of the inputs and the weights, where i and j denote the number of rows and columns.

2iVin,iXCFE,,j
Vout, j= Crer (1)

It should be noted that equation (1) assumes a full charge transfer from Cref to Cre,
which is only true when an infinite gain is assumed from the OPAMP. If we consider an
OPAMP with a finite gain, equation (1) needs to be modified into equation (2) as shown

below. If the gain of the OPAMP is infinite, equation (2) is reduced to equation (1).

gain X Y Vin iXCpg,i j (2)

Vi =
outj — y, CrEij* (1+gain)XCrer

Considering this design constraint, we set a 128x128 array of MFM capacitors with
Chcs=120aF, Crer=3pF, and an on/off ratio of 1.125 using the measured data from a MFM
capacitive memory [29]. Since the capacitive crossbar array can be designed without access
transistors or selectors, a compact array can be achieved with a small cell size of 4F? which

occupies a very small area and can even be stacked on top of the peripheral circuits. To
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keep the area competitiveness of this design and align with the layout of the crossbar array,
an OPAMP consisting of nine transistors is used in this work (Fig. 2.21), for its compact
area and a reasonable gain of ~200. To reach an output swing that is large enough, we find
that the typical Vb at 22nm node is not enough to achieve a reasonable Vout Swing. Hence,
we increase the Vop of the OPAMP to 1.5V to boost the Vout swing. We would like to
argue that this supply voltage boost for the OPAMP is feasible since the cascode structure

of the OPAMP limits the Vep/Ves/Ves below 1V.
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Figure 2.20: Schematic of non-volatile crossbar array for SPICE simulation at 22nm node.
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Figure 2.21: Schematic of a compact 9-transistor OPAMP in Fig. 2.20 with a gain of ~200.
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Based on these settings, SPICE simulation at 22nm is performed for a MAC
operation between a 128x128 matrix and a 128-sized vector to benchmark the capacitive
subarray results with those of the resistive subarrays in terms of array energy and latency.
The latency is defined as the time for Vout to reach 80% of its saturated voltage. The energy
and latency for the resistive subarrays are obtained from NeuroSim which is a
benchmarking framework for CIM accelerators [37]. Due to the suppression of static
energy during steady-state readout, the capacitive subarray consumes a much lower total
energy, 20~200x lower energy compared to 1-bit/cell 17T-RRAM [7], 1T-1IMRAM [38],

and 1T-1FeFET [39] (Fig. 2.22), where the subarray energy is normalized to 1-bit MAC.

Subarray-level Benchmark

Capacitive | 1TT-1RRAM | 1T-1IMRAM | 1T-1FeFET
(this work) [7] [38] [39]
Con/Ron (aF/Q) 120 6k 2.5k 67k
On/off ratio 1.125 17 2.8 100
Bit/cell 1 1 1 1
Energy (pJ) 0.96 88 193 21
Delay (ns) 5.1 <5ns <5ns <5ns
BEOL stacking Yes No No No

Figure 2.22: Subarray-level benchmarking of capacitive and resistive CIM at 22nm node.

2.5.2 Offset-Charge Cancellation

Although we have improved the on/off ratio for a MFM capacitive synapse by >10x

compared with that in [40], the small on/off ratio can still limit the performance of a
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capacitive crossbar array. The small on/off ratio implies a finite Cotr which can induce
offset output voltage. More specifically, Cre,off represents weight = 0 which ideally should
not contribute any charges to Crer. However, with input=1, Creoff actually contributes

additional charges = VinCre off t0 Crer.

Offset charges can be solved by adding a reference array for offset-charge
cancellation [41]. The circuit schematic is shown in Fig. 2.23(a). Without the offset-charge
cancellation (Fig. 2.23(b)), the output voltage can sway far from the ideal value. For
example, with all capacitors programmed to Cre off, the zero-value weight should result in
the lowest output voltage. However, Fig. 2.23(b) shows that the output voltages with

different numbers of turned-on WLs scatter across the range of y-axis with all Crg,ofr.

To cancel the offset charges, a reference array (Fig. 2.23(a)) with all Cre off has been
connected to a regular capacitive array. If an input is 1, a regular array would receive a
positive pulse from the corresponding WL while the reference array would receive a
negative one. For example, a selected Creon in the regular array would be charged with Q
= Cre,onVin While its counterpart in the reference array would receive Q = -Cre,offVin. Hence,
the final charges that are transferred to the OPAMP would be (Crg,on-Cre,off) Vin. Similarly,
a selected Cre,off can result in identical but opposite charges in the regular and reference
array, where the charges will cancel out when transferred to Cret. With input = 0 in the
regular array, the corresponding WL in the reference array will not receive its input pulse
because no charge needs to be cancelled in this case. Since the memory cell size is
extremely small (4F?) and can be fabricated at the BEOL [42], the reference array will cost

little area overhead.
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The simulation result after the inclusion of the reference array is shown in Fig.

2.23(c). After the offset-charge cancellation, the output voltages with different numbers of

turned-on WL converge to the minimum voltage with all Creofr. The output voltage

becomes linear with respect to both the number of turned-on WLs and the number of Cre on.

It should be noted that though after the off-state charges are canceled, the output voltage

level is lowered to <700mV, decreasing Cret for a higher output swing cannot be applied to

achieve a higher ENOB because the lower capacitance will induce larger noise at the

output. Overall, the output voltage after offset-charge cancellation (Fig. 2.23(c)) has

successfully increased the linearity of the output voltage with an error < 1%.
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Figure 2.23: (a) Charge cancellation with a reference array (b-c) simulated output voltage
versus ideal calculation (b) before and (c) after charge cancellation.
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2.5.3 Analog Shift and Add

Weights in deep learning algorithms are typically quantized before being mapped
to a synaptic array. Conventional hardware implementation of n-bit quantized weight
groups n binary synaptic cells together to represent an n-bit weight value. The resulting n
outputs of the weighted sums need to be combined later by peripheral circuits based on the
bit significance of each cell representation. A common setting of the peripheral circuits is
shown in Fig. 2.24(a), where the MUX selects one BL of the synaptic array among n BLs.
n is equal to 4 in this work. The selected BL value is then transformed from an analog
representation to a digital representation by the following ADC. The n digital values are
processed sequentially and summed by a digital shift-and-add circuit. However, the
sequential processing with digital-shift-and-add requires n cycles to combine the weighted
sums, which consumes n cycles of energy. The sequential processing also requires an array
of MUX to select one BL at a time, which is additional area overhead. To improve the
energy and area efficiency, we propose to sum the n BLs with different bit significance in
parallel in one cycle by using an analog-shift-and-add circuit [43] instead of the digital case
[43]. The high-level schematic is shown in Fig. 2.24(b), where we can sum up the n BLs
in parallel with an analog-shift-and-add circuit and feed the output to an ADC. The parallel
processing avoids the need to use a MUX and saves the energy and latency by reducing the

processing time from n cycles to a single cycle.
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Figure 2.24: Peripheral circuits with (a) digital and (b) analog shift-and-add circuits.

The circuits of analog-shift-and-add is shown in Fig. 2.25(a). The array of analog
voltage buffer serves two purposes. The first purpose is to shield the charges at the outputs
of the OPAMPs from leaking which will lead to significant information loss due to the
voltage drop. The second one is to down shift the offset voltage so that the total charges
transferred to the next stage can be reduced. Here, the smaller number of charges can result
in a lower latency. The output voltage of the buffer representing the weighted sum from
each BL is connected to an array of capacitors. The voltage representing the least
significant bit (LSB) is connected to the capacitor with unit capacitance C while the voltage
representing the most significant bit (MSB) is connected to the capacitor with capacitance
21 C. In this way, the MSB voltage can be correctly weighted and results in a larger
corresponding number of charges compared the one with LSB voltage. After the voltage
values are successfully weighted based on their bit significance, the charges will be
transferred to the summed-up capacitance (Csum) shunting an OPAMP with its output
connected to an ADC. The value of Csum should be designed based on the value of n (n-bit

weight) and the desired output voltage range. It should be noted that the capacitive array
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for the analog-shift-and-add requires voltage as input which is compatible with the output
of the capacitive crossbar array. On the other hand, a resistive array with current outputs
requires additional circuits to transform the current to voltage with additional area and

energy overhead.

To evaluate the advantages based on the analog-shift-and-add at the system level,
we extracted the energy and latency from SPICE simulation and estimated the area of the
analog-shift-and-add circuit. In the system-level evaluation, we are comparing the
performance between designs based on digital- and analog-shift-and-add. Both systems
apply a 4-BL-sharing-1-ADC setting and an array size of 128 by 128. The unit capacitance
for the analog-shift-and-add is 100aF. Figure 2.25(b) shows the performance improvement
achieved by the analog-shift-and-add over the digital-shift-and-add. Because of the parallel
configuration, the read dynamic energy is 26.9% lower. The overall area is 16.6% lower

because BL MUX is no longer needed, and the area of the analog-shift-and-add circuit is

relatively compact.
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Figure 2.25: (a) Schematic of analog shift-and-add, where n represents the number of bits
of weight representation. (b) Percentage improvement at the system level

41



2.6 A Cross-Layer Framework for MFS Capacitive Synapse

2.6.1 Framework Flow

While the benefits of using non-volatile capacitive CIM are clear, the impact of
device non-idealities, such as device-to-device (D2D) variation and temporal noise, on its
circuit and system performance has not been investigated yet. Device variation has a
substantial negative effect in resistive CIM, so it is of utmost importance to investigate its
impact on the capacitive system. Additionally, temporal noise such as the thermal noise,
also known as the kT/C noise, could have a serious impact on the inference accuracy since

there are much more capacitors in capacitive CIM compared to resistive CIM.

In this work [28], we explore the design space of capacitive CIM systems and
obtain realistic inference accuracy of SwinV2-T [44] and ResNet-50 [2] by building a
variation- and noise-aware inference framework (Fig. 2.26) that integrates the results of
SPICE simulations with detailed inference simulations in PyTorch, then estimates the
hardware performance of the full CIM system using a modified version of NeuroSim [37].
The circuit parameters considered in the SPICE simulations include D2D variation, the
signal range, and total signal noise at the BLs, as well as the array size and charge-transfer
time (column delay in single MAC operation). The D2D variation projected in this work
is substantiated by measurement results of foundry-fabricated non-volatile capacitive
memories which will be shown in the next section. Realistic inference accuracy, energy
efficiency, and system latency for different hardware configurations are evaluated based
on a look-up table obtained from SPICE and device measurement. The total system power,

performance, and area of the design results are compared with typical resistive cases at 22
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nm node. The results suggest that the analog capacitive CIM outperforms its resistive

counterpart by > 2x in all metrics and is tolerant to both temporal noise and D2D variation.

C—data [—simulation

Device-level: capacitor Array-level: #row/#col,
variation, on/off ratio, etc. OPAMP design, etc.

! !

SPICE transient noise simulation

!

Eff. # of bits (ENOB), signal range, noise vs column delay
1 A

Inference accuracy

Acc. > Target

Yes
Evaluate PPA

v

DNN traces

Figure 2.26: Overview of the cross-layer framework for capacitive CIM considering device
and array non-idealities.

2.6.2 Device-to-Device Variation and Temporal Noise

The non-volatile capacitors with the MFS design based on a leading foundry's
fabrication process at 28 nm high-k/metal gate platform [45] is exploited as a non-volatile
capacitive synapse for the first time in this work. Because Cy s IS about 25 times larger
than C, s, the total charges are dominated by the HCS. Therefore, we measured the D2D
variation of Cy s at DC OV versus the device area as shown in Fig. 2.27. When the area
increases by more than 300x%, the D2D variation (defined as the standard deviation over the
mean capacitance) increases slowly from 0.80% to 1.62%. To consider the best and worst
scenario with extremely scaled devices and outliers, D2D variation in this paper is swept

from 1% to 5% to explore the design space from devices, circuits, to systems. To confirm
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that the capacitive approach can overcome the IR-drop and sneak-path issues as well as a
low static power consumption, the resistance of this device is experimentally measured.
The result shows six orders higher resistance than the wire resistance at an advanced
technology node. The D2D variation in RRAM has been intensively studied for its impact
on system performance and inference accuracy. On the other hand, the effect of the D2D
variation in the capacitive array has not been fully investigated. The impact of D2D
variation and temporal noise on Vout can be illustrated in Fig. 2.28. D2D variation results
in both vertical and lateral shifts of the transient output voltage curve, while the temporal
noise results in fluctuation along the mean steady-state Vout values. Both non-idealities
could result in distortion and a decrease in the linearity of the weighted sum computation.

Quantitative analysis is shown in the following sections.

99

nvCap area ° :
95} 1x [ |
® 0.1x
— m 0.003x
§70 -
& 40t
o Measurement result
10l r B o/u=1.62%
m ® o/u=115%
u c o/p=0.80%
I- L

0.96 0.98 1.00 1.02 1.04
Normalized Capacitance

Figure 2.27: Measured cumulative distribution function (CDF) of the high capacitance state
(HCS) versus the device area of foundry devices. HCS is of interest as the HCS is 25 times
higher than the low capacitance state (LCS), so HCS dominates the total charges that affect
the output weighted sum. The HCS device-to-device (D2D) variation increases slowly
from 0.8% to 1.6% when the device area decreases by ~300 times.
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Figure 2.28: Output signal increases with charge-transfer time. Device-to-device (D2D)
variation causes a vertical shift of the output signal while the temporal noise results in
fluctuation along the mean values. Both non-idealities distort the weighted sum and will

result in different inference accuracy, where low to high accuracy are represented by red
to green colors. (a) with small D2D variation (b) with large D2D variation.

2.6.3 Circuit Simulation with Device Non-ideal Effects

To achieve realistic inference accuracy at the system level, we first need to
understand the impact of the device non-idealities and array parameters (D2D variation,
on/off ratio, array size, etc) on the array performance (column delay, output signal range,
output noise, etc). We perform Gaussian sampling based on a preset D2D variation to set
the capacitance (weights) of the devices in the array. Each bit of the weight is mapped to a
single NvCAP with digital “1” mapped to HCS and “0” mapped to LCS. After the weights
are set, the transient noise simulation is performed to obtain the total output noise resulting
from the temporal noise and D2D variation. The column delay under different device and
circuit scenarios is also recorded. The array schematic with parameters considered in the
SPICE simulation is shown in Fig. 2.29. The resulting V,,,; signal range and V,,,,; standard
deviation (o) versus column delay and on/off ratio are shown in Fig. 2.30. Figure 2.30(a)
shows that a larger on/off ratio is helpful to achieve a higher signal range and a lower V,,,,;
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o. Figure 2.30(b) shows that D2D variation contributes to the total V,,,; . Figure 2.30(c)

presents a tradeoff between column delay and the signal range. A longer column delay

increases the output signal range for a higher effective number of bits (ENOB) but

introduces overhead in system latency. In Fig. 3.30(d), we break down the two main

sources of the variation at V,,,;, which are the temporal noise and the D2D variation. At a

smaller D2D variation = 1%, the temporal noise dominates the V,,; 6. When the D2D

variation increases to 5%, comparable values are observed. The array characteristics are

recorded as a function of D2D variation, column delay, and on/off ratio for use in the

realistic inference accuracy and system-level simulation presented in the next section.
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Figure 2.29: Device- and array-level parameters for the non-ideality-aware SPICE
simulation for the NvCap array.
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Figure 2.30: (a) V,, signal range increases and standard deviation (o) decreases with an
increasing on/off ratio. (b) V,,; o increases with an increasing device-to-device (D2D)
variation and a decreasing on/off ratio. (c) V,,; signal range increases with increasing
column delay, where 128 rows are activated. It should be noted that fewer rows activated
can result in a shorter column delay but with lower parallelism. (d) Temporal noise
dominates the equivalent V,,,; 6 when D2D variation is at 1%. The D2D variation and
temporal noise have a comparable impact on V,,,; ¢ when D2D variation becomes 5%.

The circuit-level metrics, Vout signal and noise, can be further calculated into the
effective number of bits (ENOB). Figure 2.31 evaluates ENOB by combining the signal
range and V,,,; o in Fig. 2.30. The highest ENOB only drops by <0.5 bit when the device-
to-device variation increases from 1% to 5% in Fig. 2.31(a) and (b), respectively, implying
variation and noise resilience of the capacitive system. The array characteristics, including
power consumption, are recorded as a function of device-to-device variation, column
delay, and on/off ratio for use in the realistic inference accuracy and system-level

simulation presented in the next section.
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Figure 2.31: Array effective number of bits (ENOB) at V,,,; to quantify the information
loss for each MAC operation. ENOB is recorded for a realistic system-level evaluation and
inference accuracy in Section 2.6.4.

2.6.4 Inference Accuracy and System-Level Evaluation

The system-level framework (Fig. 2.32) [28] was created to provide an automated
method for searching the design space of NvVCAP-based CIM ultimately producing a
performance-optimized design that achieves good inference accuracy regardless of the
device non-idealities. We achieve this by integrating the array-level circuit simulations
described previously with a system-wide inference and hardware performance simulation.
First, the device parameters (on/off ratio and D2D variation) are defined and DNN model
is chosen. Next, the array-level non-idealities are extracted from the SPICE simulations
and used in the inference simulation. Then we explore the design space of the remaining
parameters: array size, column delay, and number of rows activated in parallel. The
inference accuracy for each parameter combination is simulated in PyTorch until a design
path leads to an accuracy drop >1% after which the search is stopped early to save
simulation time. For example, when the rows activated parallel is increased from 8 to 10
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the accuracy drops below 1% thus the remaining simulations with higher parallelism are
not executed. Once the design space has been explored, the hardware performance (TOPS,

TOPS/W and TOPS/mm?) are compared and the optimal designs are presented.
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Figure 2.32: Overview of Capacitive CIM Inference: First, design parameters including
algorithm, device, and array properties are set (top left). Then, the array-level non-idealities
modeled from SPICE simulations are injected in the inference simulation. Convolutional
and linear layers (highlighted in gold) are substituted by the capacitive CIM simulation.

2.6.4.1 Algorithms

Most CIM designs focus on evaluating the accuracy and performance of small deep
convolutional networks such as VGG-8 and ResNet-18 on small datasets such as CIFAR-
10 [37]. Recent developments have shown that transformer models tailored for computer
vision such as the Swin Transformer [44], have surpassed the capabilities of deep

convolutional networks. Because of the ever-increasing size of state-of-the-art DNNs and
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new innovative algorithms, we deem it necessary to evaluate the inference accuracy and
performance of bigger networks on bigger datasets compared to previous works. We
conclude through our study that Transformers achieve better accuracy and better

performance than ResNets when implemented with CIM.

In this study, we examine two networks, SwinV2-T and ResNet-50, both trained on
the ImageNet 1K dataset. SwinV2 is a recent improvement to the Swin transformer aimed
at improving the accuracy and scalability of the network [44]. Both networks were trained
using TorchVision's new training recipe [46]. After training, inputs and weights were
quantized to 8b/8b integers using TensorRT, a DNN quantization framework developed by
NVIDIA [47]. The baseline accuracy of both the full-precision and quantized networks are
provided in Table 2.1, demonstrating that quantizing the inputs and weights to 8 bits

introduces less than 1% accuracy drop.

Table 2.1: Selected DNN Models on ImageNet Dataset for Benchmarking CIM Designs

Model Accuracy (%) 8b/8b Accuracy (%) Total
(Top-1) (Top-1) Parameters

SwinV2-T 81.3 80.9 29M

ResNet-50 80.9 80.2 25M

2.6.4.2 Non-ldeality-Aware CIM Inference Simulation

While prior works have demonstrated inference simulations for resistive CIM, none
have investigated how the non-idealities present in non-volatile capacitive CIM affect the
inference accuracy. By following the simulation steps illustrated in Fig. 2.32, we can
quantitatively evaluate how the device and circuit non-idealities impact the inference

accuracy of the NvCAP CIM system. The PPA estimations were obtained by modifying
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NeuroSim V1.3 [14] to account for the NVCAP array and peripheral circuit design. Traces
of the inputs and weights (NVCAP capacitance values) obtained from the inference
simulation of both SwinV2-T and ResNet-50 were used to calculate the latency, energy,

and area for the CIM accelerators.

The inference simulation integrates non-idealities from the array level simulations,
namely the range of the voltage output at each column as well as the standard deviation of
the total Gaussian noise at those outputs. Both of these are impacted by the device non-
idealities described earlier. Sense margins of the output states are determined by the signal
range divided by the ADC precision. Therefore, larger signal ranges correspond to larger
sense margins and a higher ADC precision corresponds to smaller sense margins. When
the Gaussian sampled noise is added to the voltage outputs, smaller sense margins lead to
more errors in the ADC sensing and thus a decrease in inference accuracy. To investigate
how the DNN algorithms respond to these non-idealities, we fix one non-ideality and
sweep the other. Results are shown in Fig. 2.33(a-b). In both cases, SwinV2-T has a higher
tolerance to these noises than ResNet-50, suggesting that it is a more suitable algorithm for

NvCAP CIM acceleration.

To improve resilience to D2D variation and noise in the NVvCAP-based designs,
two parameters can be adjusted: increasing the column delay and decreasing the number
of rows activated in parallel. Increasing the column delay gives more time for the charges
on the NVCAPs to saturate therefore improving the signal range. Decreasing the rows
activated in parallel decreases the total number of discrete output states and thus the ADC

precision requirement, therefore improving the sense margins. Figure 2.33(c-d) show how
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these two parameters affect inference accuracy. For each test, the number of rows activated
in parallel is fixed and the column delay is swept. From these plots, we can pick the
minimum column delay necessary to achieve minimal accuracy reduction at each number
of rows activated in parallel. SwinVV2-T can achieve a good accuracy at lower column
delays than ResNet-50 due to its higher tolerance to noise. Because column delay is the
critical delay in the array circuitry, this enables the accelerator for SwinV2-T to operate at
a higher speed, improving its overall performance compared to its ResNet-50 counterpart.
Next, we discuss how adjusting these design parameters affects the overall system

performance.

Figure 2.34 shows the minimum column delay necessary to achieve less than 1%
accuracy drop in both networks. NvCAPs with on/off ratios of 10 and 30, each with 1%
and 5% D2D variation were tested. Interestingly we observe that for certain scenarios, the
"bad" devices (i.e., with lower on/off ratios and higher D2D variation) can achieve good
accuracy at the same column delay as the "good™" devices. This result implies that the
overall performance does not fully depend on the device properties. To determine the
correlation between the system performance and the device properties, we used NeuroSim
on designs that achieved <1% accuracy drop and swept the array sizes from 128x128 to
256x512. We then selected the optimal designs for the performance metrics: TOPS,
TOPS/W, and TOPS/mm?2. For a direct comparison with RRAM-based CIM, we analyzed
a baseline RRAM design for each network with device properties sampled from the state-
of-the-art prototypes [7, 48]. We restricted the RRAM array size to 128x128 as IR drop

becomes a significant issue with larger array sizes. Tables 2.2 and 2.3 show the results and
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provide additional design parameters for the optimal designs with the best and worst device

parameters.

The results demonstrate that NvVCAP-based CIM designs outperform their RRAM
counterparts by a significant degree especially in compute density. The RRAM baselines
were assumed at 22 nm node with an on/off ratio of 17 [7]. Additionally, we assume that
the RRAM design can achieve baseline inference accuracy with 32 rows activated in
parallel based on state-of-the-art results from [48]. Other recent RRAM macros
demonstrate activating fewer than 32 rows. For example, [49] activates only 9 rows in
parallel. Due to the non-idealities in the NVCAPSs, achieving baseline inference accuracy
requires a maximum of 16 rows activated. The results show that the NvCAP-based designs
outperform the RRAM-based designs by roughly 2x in TOPS, 2x in TOPS/W and 5x to
8x in TOPS/mm?2. The lower TOPS in the resistive case can be attributed to the larger RC
delay from its peripheral circuits as they need to be sized up to sustain the high currents
during MAC operations [6]. Additionally, we see that the vision transformer achieves
better performance than ResNet-50 in all regards due to its higher resilience to array non-
idealities. Finally, we observe that the “good” devices produce better system performance
than the “bad” devices in all metrics, but the gap in performance is not extreme. This is an
encouraging result for NvCAP-based CIM as it potentially relaxes strict device

requirements, allowing for easier manufacturing and more scalable CIM accelerators.
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Table 2.2: Optimal Design Comparison of Various System Metrics on SwinV2-T

Memory Type RRAM NvCAP

On/Off 17[7] 30 10

D2D - 1% 5%
Array Row 128 128 128 128 | 128 128 128
Array Col 128 128 512 512 | 128 256 512
Rows Active 32[48] | 8 8 16 8 8 10
ADC precision 5 3 3 4 3 3 4
Column Dday (ns) - 0.313 0.313 2.13 10.688 0.688 1.02
TOPS ] 2321 2171 1.751 |1.86] 1.831 1.93
TOPSW il 1.931 1.831 2.00 |1.72] 1.871 1.591
TOPS/mm? il 6.161 7.701 5.49] |6.76] 5.54] 5.791
FOM* 10 1191 14.11 11.01 |11.41 10.31 9.2

*Figure of merit (FOM) is defined as the product of TOPS/W and TOPS/mm?.

Table 2.3: Optimal Design Comparison of Various System Metrics on ResNet-50

Memory Type RRAM NvCAP

On/Off 1717] 30 10

D2D - 1% 5%
Array Row 128 128 128 128 | 128 128 128
Array Cal 128 128 512 512 | 128 256 512
Rows Active 32[48] | 10 8 16 8 8 8
ADC precision 5 4 3 4 3 3 3
Column Délay (ns) - 0.781 0.563 2.50 [0.688 0.688 0.688
TOPS 1 |1.961 1.661 1.33[ [1.801 1.691 1.58I
TOPSIW 1l 1.121 1.31 1.451 [1.231 1.271 1.290
TOPS/mm? 10 4181 5.291 3.831 |4.39] 4.661 5.04
FOM* 1 1468 6.95 5551 |5.041 5.90 6.500

2.7 Summary

Capacitive crossbar arrays with non-volatile ferroelectric capacitive synapses are
presented experimentally and by simulation for CIM applications. The investigation starts
with two flavors of capacitive memory devices and the underlying physical mechanisms.
Then we moved to array-level design space exploration. Finally, a cross-layer framework

at the system level is shown considering device variation and temporal noises. Overall, this
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new computing paradigm outperforms its resistive counterpart in terms of energy

efficiency, area efficiency, and reliability.
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CHAPTER 3. FERAM BUFFER MEMORY

This chapter investigates Ferroelectric Random-Access Memory (FERAM) as the
global buffer in both CIM and other hardware accelerators. FeERAM [16-19] is a promising
candidate for the on-chip buffer memory application over SRAM and eDRAM due to its
competitiveness in memory density with 3D stackable capacitors, non-volatility without
the need for periodic refreshing operations, fast read/write speed (2ns in [18]), and great
CMOS process compatibility. However, the limited write endurance of FeRAM is
concerning, especially considering its read-destructive nature. To investigate the endurance
requirement of FeRAM for different applications, an endurance-aware framework and
compiler will be first introduced in this chapter to connect the device endurance to system
lifetime, providing a guideline for device researchers to set endurance targets for their
FeRAM research. Furthermore, two strategies will be discussed to further alleviate the

FeRAM endurance issue at the system level.

Another challenge for FERAM is its scaling issue, where the surface area of the
ferroelectric capacitor needs to be maintained to provide sufficient charges to the following
sense amplifiers. Hence, the ferroelectric capacitors in the state-of-the-art FeERAM [16-19]
designs require either a large silicon footprint or a 3D capacitor with high aspect ratios and
complex fabrication processes. This scaling issue limits the current FeERAM development
at relatively older technology nodes. To address this issue, a new cell design, 2T1F
FeRAM, will be introduced both experimentally and in simulation to replace the
conventional 1T1F FeRAM with 10x smaller cell area and 7x/10x read/write energy

reduction.

Finally, the temperature dependency of FERAM endurance and sense margin will

be introduced.
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3.1 Endurance-Aware Compiler for FeERAM-based Global Buffer Memory

The reported endurance of the state-of-the-art FERAM prototypes is typically
between 10'° to 10'° [16-19]. To determine if the endurance as well as the system energy
efficiency of the industrial FeRAM prototypes is feasible in serving as the global buffer in
deep-learning hardware accelerators, we applied the experimental parameters of a 3D
stackable FeERAM that is measured and modeled by Intel [18, 27]. The hardware

accelerators assumed in this work are based on a TPU-like architecture as a case study.

In this work, SPICE simulation is first performed based on the validated memory
device model to extract the array-level read/write energy as well as the leakage power
consumption. A system-level framework is further built on top of the SPICE-simulated
array-level metrics [50]. With this framework, we first show that the energy efficiency of
the FeERAM-based design is 20% to 400% higher than that of the SRAM- and eDRAM-
based counterparts during DNN training. Subsequently, we evaluate the impact of device
endurance on FeERAM buffers by comparing the maximum number of trainings allowed
during the lifetime of the reported FERAM devices [18]. To alleviate the FERAM
endurance requirements, two strategies, namely wear leveling and dual-mode operation are
applied, achieving substantial improvement in the memory lifetime. The following

contributions are made by this work:

1 The energy efficiency of DNN training based on the industrial FeRAM prototypes
(with realistic device parameters from Intel) [18, 27] is evaluated in the global buffer
of a TPU-like architecture and is compared with different flavors of conventional

buffer memories such as SRAM and eDRAM.
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1 We bridge the gap between memory device engineers and system/algorithm
designers by evaluating the impact of the limited endurance of emerging embedded
non-volatile memory on the maximum number of DNN training allowed before the

memory becomes unreliable.

1 A runtime reconfigurable endurance-aware compiler is developed to leverage two
techniques (wear leveling and dual-mode buffer) in order to alleviate the endurance

issues in FeRAM-based global buffers during DNN training.

3.1.1 Background

3.1.1.1 Non-volatile FeERAM

The typical FeRAM cell designs [16-19] consist of one access transistor and one
ferroelectric capacitor as shown in Fig. 3.1(a). Compared to resistive random-access
memory (RRAM), phase change memory (PCM), and magnetic random-access memory
(MRAM), FeERAM has been demonstrated with a lower write energy because of its
transient charge switching nature compared to the static current switching nature in other
emerging non-volatile memories. FERAM has a larger sense margin than MRAM, and
better uniformity than RRAM and less prone to drift effect than PCM. A high cycling
endurance of 10% is reported by Intel’s FeRAM [18] that leverages the antiferroelectric
stack engineering, which is used in this work to evaluate the impact of the endurance limit
for Al workloads. Since the operating voltage of Intel’s FERAM is lower than most
FeRAM, ultra-low read/write energy close to that of eDRAM can be achieved [18].

Furthermore, Intel’s FERAM paves the way for the 1TnC 3D stackable FeRAM technology
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where multi-tier FeRAM cells are integrated along the sidewall of the vertical pillar that
sits on top of the drain contact of the access transistor with a cost-effective one lithography
step, as shown in Fig. 3.1(b-c). This provides a solution to deliver super high density

FeRAM arrays for large-capacity global buffers under the constrained silicon footprint.

The polarization-voltage (P-V) relation of the ferroelectric capacitor is shown in
Fig. 3.1(d). The polarization can be seen as non-volatile charges stored across the materials,
unlike the volatile charges stored on typical dielectric capacitors. The different polarization
values within the ferroelectric materials can be achieved by different polarities of the
applied write voltages from either the plate line (PL) or bit line (BL). During read
operation, a PL voltage with an amplitude similar to the write voltage causes polarization
switching (if the stored state has a polarization polarity opposite to the write voltage),
which creates a number of free charges flowing onto the BL parasitic capacitance. The BL
during read operations is floating to let the charges determine the output voltage before
enabling the sense amplifier (SA), while during write operations, the BL voltage is fixed
to force a complete write process. The different charges on BL in read operations
(polarization switching vs. non-switching) result in different output voltages (the sense

margin) that are digitized by the SA.

To realistically evaluate the hardware performance of array-level design, we used
Intel’s FeERAM device parameters and its experimentally validated SPICE model [18, 27,
51] for energy, latency, and area extraction. The parameters are further incorporated in our
system-level framework for the evaluation of system energy efficiency and the maximum

number of trainings allowed with different device settings.
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Figure 3.1: (a) Schematic of typical 1”T1F FeRAM bit cell. (b) Cross section cartoon and
(c) circuit schematic of 17TnC FeRAM with 3D stacked ferroelectric capacitors for high-
density memory [18]. (d) Polarization-voltage (P-V) curve for conventional non-volatile
FeRAM operations. (e) P-V curve for volatile FeRAM mode with eDRAM-like operations.

3.1.1.2 Dual-mode FeERAM

Reconfigurable dual-mode FERAM is proposed in [52] to increase the energy
efficiency of DNN inference on TPU-like architecture. Instead of only using the non-
volatile operation of FeERAM, the prior work [52] considers the access pattern of each layer
of the DNN algorithms and configures some blocks of the global buffer into the non-
volatile mode and the others into the volatile mode during runtime. The non-volatile mode
(Fig. 3.1(d)) is the standard FeRAM operation as discussed in the previous subsection with
negligible leakage (non-volatile nature) and no needs of periodic refresh. The volatile mode
(Fig. 3.1(e)) is to operate the FERAM similar to an eDRAM, where the charges are
temporally stored on the ferroelectric capacitor, a smaller read voltage is applied to sense
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the voltage difference following the charge-sharing principle between the ferroelectric
capacitor and the BL parasitic capacitor. In this mode, no polarization switching is
involved, thus it does not consume the endurance cycles. However, in volatile mode, a
refresh operation with energy overhead is needed to restore the memory states like the
conventional eDRAM operations. Therefore, if a certain data lifetime is long, the non-
volatile mode will be enabled to save the refreshing energy. If the data lifetime is short, the
volatile mode with a smaller operating voltage is applied to save the dynamic energy. The

differences between the two modes are summarized in Table 3.1 [50].

It should be noted that prior work [52] only considers DNN inference on TPU-like
architecture instead of DNN training with higher read and write operations. It proposes the
dual mode technique only to improve energy efficiency, while it does not include a detailed
analysis on the endurance issues of FERAM because the program/erase much less
frequently occurs for DNN inference compared with training. Furthermore, compared to
[52] with a theoretical FeRAM Preisach model (as in the textbook), our work utilizes
device models and parameters from realistic memory devices fabricated and measured by

a leading foundry (Intel).
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Table 3.1: Comparison between Non-Volatile and Volatile Modes of Dual-Mode FeERAM

Mode Non-volatile Volatile
Operation Standard FeERAM eDRAM-like

Non-volatile
polarization

Data storage Volatile charges

Write voltage 1V/-1.8V [18] -1V
Read voltage v Charge sharing
Read/write energy High Low
Endurance cost Yes No
Leakage power Low High
Refresh overhead No Yes
Purpose of dual- Alleviating memory endurance issue

mode operation | while keeping a high energy efficiency.

3.1.1.3 Systolic Array in TPU Architecture

DNN processing involves heavy multiply-and-accumulate (MAC) and intensive
memory access due to the large DNN models. In systolic-array-based accelerator designs,
each processing element (PE) independently computes a MAC operation of the data
received from its upstream neighbors and passes it downstream to minimize the expensive
memory access. Specially designed dataflow is utilized in DNN accelerators to maximize
the local data reuse at a low-level buffer. For example, weight stationary (WS) and output
stationary (OS) are two representative dataflows. WS dataflow maximizes the reuse of
filter weights. It broadcasts activations and accumulates partial sums spatially across the
PEs. OS dataflow maximizes local accumulation by broadcasting weights and reusing
activations spatially across the PEs. Figure 3.2 shows the generic systolic array architecture
and digital MAC engines with OS dataflow used in the TPU-like architecture. In this work,
we focus on the commercially successful digital TPU-like architecture instead of emerging
crossbar architectures for in-memory computing, as the mixed-signal/analog compute
generally suffers from degraded DNN inference/training accuracy [10].

63



- <:> i = | PE — PE — PE — PE Input Partial Sum
0 = PE — PE — PE — PE | i
i 3 L
§.<:> <™ | | | | %R
@ S| |[pellpellpelpE
5 O | | | [ [Meght I E
q \\
) PE — PE — PE—PE| |} - =

Functional modules:
Activation
Normalize / Pool

Figure 3.2: Generic systolic array architecture and digital MAC engines with OS dataflow
used in the TPU-like architecture. The global buffer is examined with different device
options such as FERAM in this work.

3.1.2 Methodology and Hardware Configuration

To understand if the endurance limit is a challenge for FeRAM and to bridge the
gap between memory device engineers and system engineers, a compiler that can estimate
the lifetime of the emerging memory is needed. The compiler should consider 1) the
memory endurance limit, 2) the algorithms of interest, and 3) the associated data access
pattern. Furthermore, strategies for the compiler to alleviate the endurance issue of FeERAM
should also be investigated (details explained in Section 3.3.2.1). The hardware applied in
this work is a TPU-like architecture (details explained in Section 3.3.2.2). The simulation
framework setup is explained in Section 3.3.2.3. Representative DNN algorithms applied
in this work are ResNet-20, DenseNet-40 for CIFAR-10 and ResNet-18, ResNet-34 for

ImageNet-1K. This work considers the training of these algorithms because, compared to
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DNN inference, DNN training requires much more writings to the memory, thus resulting

in a more severe endurance issue.

3.1.2.1 Strateqies for Compiler to Alleviate Endurance Issue

Wear leveling is the first strategy to be applied in this work to alleviate the
endurance issue of FeERAM-based embedded memory. It is implemented in modern off-
chip memories such as NAND Flash, and is also applied to emerging non-volatile
memories like PCM and RRAM [53, 54]. In this work, the proposed compiler is tasked to
first record the number of writings to each block of the on-chip global buffer. Subsequently,
during runtime, the compiler actively stores the frequently accessed data into relatively
fresh memory blocks and moves the rarely accessed data to the more worn-out blocks. The
evenly distributed memory accesses are expected to maximize the lifetime of the FeRAM-
based global buffer. The overhead of wear leveling includes a recording table and the time
and energy for the additional data movement. Traditionally for NAND Flash, a frequency
counter (FrgCounter) is maintained with the logical to physical address translation table to
record the number of accesses. FERAM is used as a replacement for SRAM buffers in this
work, and an address mapping table with a frequency counter is maintained as shown in
Fig. 3.3. A coarse-grained wear leveling is applied in the work, meaning the data are moved
only when a new computation layer begins, which is limited compared to the data updates

during runtime.

The second strategy is to implement the dual-mode operation (explained in Section
3.2.1.2). Some blocks of memory are configured into the volatile mode, where the writing

and reading operations are not counted into the endurance cycles due to the smaller applied
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voltage that does not disturb the polarization state. Therefore, with the dual-mode
operation, the total number of effective writings is expected to be smaller and could result
in a longer memory lifetime. The compiler is asked to first estimate the data lifetime for
each data type (e.g., activation, weight, gradient, and error) of each layer of the DNN
algorithms. During the computation, the same data pixel is read or read-modify-write (for
partial sum accumulation) periodically, where the period is the access interval. Due to the
deterministic nature of DNN dataflow, the access interval is the same for each data pixel.
Then the compiler configures each memory block accordingly to either the non-volatile or
volatile mode to maximize the system energy efficiency, where the energy consumption of
both modes is estimated separately and compared to decide which mode a block should be
configured into. The protocol can be user-defined for different applications. We argue that
the computation overhead for energy estimation is minimal as it can be done before runtime

as the applications for DNN accelerators are usually pre-determined.

Entry Address FrgCounter
1

N

Algorithm for course-grained wear leveling

if starting a new layer then
swap data and addresses of entries with highest and lowest FrqCounter
reset FrqCounter

else
record address and FrqCounter += 1 every write access

Figure 3.3: The first strategy to alleviate the endurance issue: wear-leveling to evenly
distribute block wear. An address mapping table with a frequency counter needs to be
maintained. The address and data swap of most and least frequently used blocks occurs
when the computation of a new layer starts.
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configuration decided before deployment

Eor layers, datatypeE

non-volatile condition

E,=E

v= v_read + Ev_write Ev = Ev_read T Ev_write i Ev_refresh Env = Env_read + Env_write

| | E

nv

’ Volatile mode ‘ ’ Non-volatile mode ‘

low voltage, no endurance cost low leakage, no refresh
high leakage, refresh needed high voltage, endurance cost

Figure 3.4: The second strategy to alleviate the endurance issue: dual-mode operation,
where the volatile mode has no endurance cost. The configuration is decided before
deployment and set during runtime for each data type in each layer. The decision depends
on the estimated energy consumption of the two modes, where refresh energy needs to be
considered for the volatile condition. Dual-mode operation is performed in this work to
alleviate endurance issues while maintaining a high system energy efficiency.

3.1.2.2 Hardware Configuration

A 28nm foundry process-design-kit (PDK) is used for the access transistors. The
ferroelectric capacitor is assumed to be in a cylindrical shape with a diameter of 80nm with
an aspect ratio of 10. The cylindrical shape of the ferroelectric capacitor has been
demonstrated in the same references [18] as our device model for circuit-level parameters
in Table 3.2. With the subarray size in Table 3.2, an equivalent BL capacitance of 20fF is
assumed, where read/write operations are achieved within 2ns which is sufficient for
embedded global buffer application. It is noted that the non-volatile mode in this design
does not need periodic refreshing since the data lifetime in the DNN models considered in

this work is less than 1s, which is much shorter than the hour-long retention shown in [27].
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Table 3.2: Performance of a 256KB Bank for Different Buffer Memory Technologies

SRAM eDRAM [ FeRAM [ Dual-mode FeRAM
Cell size (F?) 145 38
Subarray size 128%x128 256x512
Area (mm?) 0.456 0.121 0.141 0.141
. 65 (v-mode)
Read (fJ/bit) 331 206 326 326 (nv-mode)
. . 61 (v-mode)
Write (fJ/bit) 305 182 143 143 (nv-mode)
Refresh Interval (us) N/A 40 N/A 40 (v-mode)
Refresh energy (fJ/bit) N/A 74 N/A 25
Leakage (UW) 328.7 8.7 10.7 10.7

For system-level evaluation, a TPU-like systolic array is assumed. 256x256
processing elements (PE) are included. Each PE consists of 512B register files, adders, and
multipliers. The size of the on-chip FeRAM global buffer is either 28MB as reported in [1]
or 256MB for a scalable TPU for heavier workloads. 256MB is chosen as the sufficient
buffer size in DNN training (e.g., holding all the intermediate data for one image). 256MB
memory exploits the capability of 3D stackable FeERAM as proposed in [27] without
significant area overhead. The endurance limit assumed for the FeRAM cell is 10%2,
meaning each FeRAM cell can sustain up to 10%? times of writings (or destructive readings)
before becoming unusable (shrunk memory window). In this study, four flavors of
embedded global buffers are considered, SRAM, eDRAM, conventional non-volatile
FeRAM, and the proposed dual-mode FERAM. Parameters for the systolic arrays and chip-

level parameters [50, 52, 55-57] are summarized in Table 3.3.
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Table 3.3: Parameters for Systolic Arrays

Processing Elements (PE)
Component Size Energy
16-bit MAC 256x256 2.01pJ/op [55]
subarrays
Register File 512-bit/PE 2.7pJ/bit
Chip-Level Parameters
Clock Frequency 200MHz
Global Buffer 28MB / 256MB, 512Gbps bit rate
DRAM Interface LPDDR4, 1.2pJ/bit [56]
FPU (FP32) 6.8pl/op [57]

3.1.2.3 Simulation Framework

The simulation flow is shown in Fig. 3.5. The memory macro PPA of the global
buffer is simulated in SPICE with the industrial FeRAM prototypes [18, 27] and a foundry
28nm PDK. The TPU inference access pattern is simulated with TimeLoop [58]. Action-
count traces are recorded, including the number of MAC operations and numbers of
accesses to register file, global buffer, and DRAM, separately for input, weight, and output
data. The inference trace is projected for training with forward, backward propagation, and
gradient computation. Although this projection is under an ideal assumption, it allows us
to make the first-order translation between the memory cell endurance and the system
endurance as well as to make a relative comparison of system energy efficiency among
different types of memory technology. The dataflow for the systolic arrays is set to the
output stationary mode. A framework is built to integrate the traces obtained from
TimeLoop, buffer PPA from SPICE simulation, and hardware metrics of other circuit
modules on TPU (e.g., PEs, DRAM, activation, batch normalization, and max-pooling
units) to evaluate the system-level performance metrics. To embrace diverse workloads,
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four DNN algorithms are applied (Table 3.4), where ResNet-20 and DenseNet-40 are on
CIFAR-10 dataset, and ResNet-18 and ResNet-34 are on ImageNet-1K. In this work, one
training is defined as 100 epochs, where 1.28M and 50K images are computed in one epoch

for ImageNet-1K and CIFAR-10, respectively.

Intel FeRAM VerilogA model DNN workload and

& foundry 28nm PDK TPU architecture specifications

Stepl: SPICE simulation for Step2:DNNmodel mapping (with

256P512 memory array TimeLoop)nd training projection

Buffer PPA The action count table
(Area, latency, Eag Euviter Befrestr Peald (# memory access, # MAQ)

Metrics of other circuitmodules . |Steps: System performance evaluatior
(MAC functional module DRA) (dual mode & wear leveling applied
System level performance metrics
(energy efficiency, number of training

Figure 3.5: Simulation flow. The orange boxes indicate the simulation tools, and the green
boxes indicate the inputs and outputs of the simulation tools.

Table 3.4: DNN Models on CIFAR-10 and ImageNet-1K to Benchmark System Lifetime

DNN Model Dataset # params
ResNet-20 CIFAR-10 0.27M
DenseNet-40 CIFAR-10 1M
ResNet-18 ImageNet-1K 11M
ResNet-34 ImageNet-1K 21M
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3.1.3 Results

3.1.3.1 Array-Level Performance

This subsection shows the circuit-level results based on Intel’s SPICE model [27,
51]. Figure 3.6 shows the simulated P-V curves where different numbers of ferroelectric
domains are set. The ferroelectric domain can be seen as subgroups of molecules inside the
stack of the ferroelectric material. Different domains have slightly different material
properties (e.g., coercive field) that follow certain distributions depending on the
fabrication processes. As shown in Fig. 3.6(a), if there is only one domain, its polarity
dictates the overall polarization, so a P-V curve with a step-like shape is expected. With
more domains, smoother P-V curves are observed, more similar to the common P-V shape
illustrated in Fig. 3.1(d-e). The domain size of 100 is used in this work which can capture
the experimentally measured data in [27]. Figure 3.6(b-c) validates the array-level
read/write operations of both non-volatile and volatile modes. With the sense margin >
100mV, the read operations are easily performed for both modes. The circuit-level metrics

are extracted for the following evaluation of the system-level energy efficiency.

@) 300 (b) 35 non-volatile mode  (C) 25 volatile mode
; ; - — WL —PL
number of ferroelectric domains —WL —PL
= 30 —BL(data1) = = =BL (data0) ——BL(datal) = - -BL (data0)
&~ 200 - 20k
3 25 write read write read
= 100 ol =
g 20l Sis
©
c
= or 151 % write 1 read 1
= S0
(,3 10} read 1/0 repd 1 [=}
E -100 ’ write 0 ense > sense
E 0.5 margin 05 ! margin
e 0.0 ' 1 write 0 N } te Jread 0
: G 0.0 — N 3
-300 L— ! ! . . . . 05 . , réad0 \pre-charge
20 -15 -10 -05 00 05 1.0 : 0 2 4 0 2 4
Voltage (V) Time (ns) Time (ns)

Figure 3.6: (a) P-V curve obtained from the experimentally validated SPICE model [27].
(b) Waveform of the non-volatile read/write operations. (c) Waveform of the volatile
read/write operations.
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3.1.3.2 System-level Enerqy Efficiency

To demonstrate that the FeERAM-based global buffer outperforms conventional
SRAM/eDRAM designs, the energy efficiency of DNN trainings with four different flavors
of global buffers is evaluated: SRAM, eDRAM, non-volatile FeRAM, and dual-mode
FeRAM. Two sizes of global buffer are considered, 28MB and 256MB, as shown in Fig.
3.7(a) and (b) respectively. SRAM-based design shows the worst energy efficiency due to
the high leakage power, especially when the size of the global buffer is as large as 256MB
in Fig. 3.7(b). The eDRAM-based design has smaller leakage compared to SRAM-based
design, but it suffers from high read/write energy overhead. Therefore, FeRAM-based
designs stand out. The dual-mode FERAM case in DNN training shows the highest energy
efficiency thanks to the dual-mode configuring protocol that minimizes the layer-wise
power consumption based on data lifetime on chip. The energy efficiency does not show a
strong dependency on DNN model types. After the confirmation that FERAM is a
promising candidate for an energy-efficient global buffer, the next step presented in the
next subsection will show whether the state-of-the-art endurance limit of 102 [18] is

sufficient to satisfy the requirements of DNN training on systolic arrays.
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Figure 3.7: System energy efficiency of DNN trainings based on (a) 28MB and (b) 256MB

global buffers with four flavors of memories and four flavors of algorithms. All cases are
normalized to the energy efficiency of ResNet-18 on 28MB-SRAM design.

3.1.3.3 Impact of FERAM Endurance

The maximum number of trainings for the FeERAM-based TPU design is evaluated
for the four different algorithms. The cases with small and large global buffers (28MB and
256MB) are shown in Fig. 3.8. The baseline results with conventional non-volatile FeRAM
are shown in Fig. 3.8(a-b). With the 28MB buffer on ImageNet-1K (Fig. 3.8(a)), naive
implementation without wear leveling allows 26 and 12 trainings for ResNet-18 and
ResNet-34. For CIFAR-10 (Fig. 3.8(b)), naive implementation without wear leveling

allows 470 and 239 trainings for ResNet-20 and DenseNet-40. The numbers of training on
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ImageNet-1K are much lower than the case with CIFAR-10 since ImageNet-1K has much

more training images and requires a more complex DNN model.

For the 28MB buffer, compared to the naive implementation without wear leveling,
the implementation with wear leveling achieves 6x more trainings in ResNet-18 and
ResNet-34 on ImageNet-1K during the memory lifetime. For CIFAR-10 (Fig. 3.8(b)), wear
leveling achieves 300x and 70x more trainings in ResNet-20 and DenseNet-40,
respectively. With wear leveling, >10k trainings can be achieved. Figure 3.8(c-d) presents
results with the dual-mode FeRAM instead of the conventional non-volatile FERAM
shown in Fig. 3.8(a-b). For the 28MB buffer, the dual-mode technique further increases
the number of trainings by 4x or more with ImageNet-1K (Fig. 3.8(c)). It increases the
lifetime even more significantly (20x-58x) for CIFAR-10 (Fig. 3.8(d)) since the data
lifetime is generally shorter in the smaller models, resulting in more memory blocks
configured into the volatile mode by the protocol proposed in [52] that optimizes the energy

efficiency.

For the large global buffer (256MB), the allowed number of trainings increases due
to more memory cells shouldering the write and read operations and the reduced data traffic
between the on-chip global buffer and off-chip DRAM. The increment in lifetime is a
tradeoff with the overhead of a large silicon footprint to allow such large memory capacity
on-chip, which seems challenging for SRAM to achieve such high capacity. Taking
technology advancement of 3D stackable FERAM as demonstrated in [18], enabling such
on-chip large capacity becomes feasible. For example, the 1TnC design (Fig. 3.1(b-c))

proposed in [18] could be leveraged for the non-volatile mode. With the same silicon
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footprint of the small buffer (28MB), the 256MB buffer requires 3D stacking of eight to
nine layers of FeERAM arrays. Thermal dissipation in 3D design and the higher routing
complexity should also be considered in future work though. In addition, further design-
technology co-optimization is needed to operate the 3D stackable FeRAM technology for

the volatile-mode multi-bit sensing given the charge-sharing principle across the layers.

[ ]128MB no wear leveling [ ] 28MB wear leveling [[11] 256MB wear leveling
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Figure 3.8: The maximum number of trainings with FeRAM-based global buffer
considering the endurance limit of the memory cells. Two strategies, dual-mode buffer and
wear leveling, are applied on the global buffer with (a) conventional non-volatile FeRAM
on ImageNet-1K, (b) non-volatile FeERAM on CIFAR-10, (c¢) dual-mode FeERAM on
ImageNet-1K, and (d) dual- mode FeRAM on CIFAR-10.

It is reported that it takes around two hours to finish once training on ImageNet-1K
with 16 TPUv2 chip [59]. Therefore, if omitting the overhead of multi-chip communication

(i.e., 32 hours per training routine using one chip), one ten-year-lifetime TPU core should
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be able to train 2737 times in the extreme case without any rest. Therefore, the small
(28MB) FeERAM buffer with wear-leveling and dual-mode strategies is only suitable for
incremental training for edge applications, but the large buffer (256MB) with 3D-stackable
capacitors and both strategies is capable of sustaining intensive training for ImageNet-1K-
like dataset. As for CIFAR-10, its training time is expected to be in minutes, so a TPU core
with a ten-year lifetime can sustain 10° trainings, where 28MB FeRAM buffers with both

strategies applied are already sufficient for intensive training on CIFAR-10-like dataset.

3.1.3.4 Guideline for FeERAM Buffer Endurance Requirement

Although this work applies Intel’s recent breakthrough in FeERAM technology [18]
for the system-level evaluation, it would be crucial for us to provide general memory device
engineers a design guideline that bridges their memory device endurance and the system
requirements (e.g., number of trainings) from certain applications. Figure 3.9 shows how
different levels of memory endurance capability correspond to the numbers of trainings
allowed during the memory lifetime of a 256MB global buffer. The endurance cycle of

102 from [18] is marked by the dashed line.
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Figure 3.9: A design guideline is shown to bridge the knowledge between the device
memory engineers and the system designers.

3.1.3.5 Summary

For the first time, a compiler is implemented to estimate the maximum number of
trainings during the lifetime of a TPU-like architecture with a FeRAM-based global buffer
designed with industrial prototype parameters. Additionally, two strategies, wear-leveling
and the dual-mode operation, are supported in the compiler to alleviate the endurance issue,
achieving 6x-300x and 4x-58x more trainings, respectively, in the lifetime of the FeERAM-
based design with four representative DNN models. Overall results suggest that, with an
endurance limit of 10'?, the 28MB FeRAM buffer with the two proposed strategies is
suitable for intensive training on CIFAR-10-like dataset and incremental training on
ImageNet-1K-like dataset, while the 256MB buffer leveraging 3D stackable ferroelectric

capacitors is required to support intensive training on ImageNet-1K-like dataset.
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3.2 2T1F FeRAM

Conventional 1T1F FeRAM suffers from a high surface area that is required to
maintain the polarization charges for a reasonable sense margin, as shown in Fig. 3.10(a).
This section introduces 2T1F FeRAM (Fig. 3.10(b)) which only requires a 10 times smaller
area of the ferroelectric capacitor [60]. This design amplifies the charges from the
ferroelectric capacitor, resulting in fewer charges needed for a given sense margin. With
fewer charges needed, a much smaller ferroelectric capacitor and thus a smaller cell area
is required. More details will be introduced in this subsection, where an experimental

demonstration is followed by SPICE simulation at 28nm node?.

3.2.1 Fabrication Process and Measurement Results

The TiN(25nm)/HZO(10nm)/TiN(25nm) capacitor based on a crossbar structure
with active region area down to 25 pm? (~0.6 pF) was fabricated with process flow shown
in Fig. 3.10(d). Figure 3.10(c,e) show the schematic and the microscopic top-view image
of fabricated crosshar structures. Representative P-V loops after pulse-cycling of 2.5V and
10ps pulses are shown in Fig. 3.11(a). Figure 3.11(b) shows cycling endurance
characteristics with different capacitor sizes of 5umx5um and 50umx50um with write
voltage (Vw) of 2.5V and 3V. In Fig. 3.11(a,b), the wake-up and fatigue effects are not
prominent thanks to the plasma-enhanced atomic layer deposition (PEALD) process
compared to the conventional thermal ALD process. Figure 3.11(c) shows the retention

characteristics of the HZO capacitor used in the 2T1F structure.

! This is a collaborative work with Dr. Jae Hur, where he contributed substantially to section 3.2.1.
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Figure 3.10: Schematic of (a) 1T1F, (b) 2T1F FeRAM projected at 28nm, and (c) crossbar.
(d) Process flow and (e) microscope of our fabricated HZO crossbar capacitors.
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Figure 3.11: Measured (a) P-V loops, (b) endurance and (c) retention characteristics of
fabricated HZO crossbar capacitors.

To experimentally demonstrate the 2T1F FeERAM, a ferroelectric capacitor was
connected to two discrete transistors (Cox=~1 pF) on a printed circuit board. Figure 3.12
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shows the write/read operations. The HZO capacitor is written “1,” with negative
ferroelectric charge (-Qre), by applying Vw from write bit line (WBL) while turning on
write word line (WWL). To write “0,” with +Qfe, Vw is applied from read word line (RWL)
while turning on WWL. The read operation is performed via the reading transistor by
sweeping the RWL voltage (Vrwi) with a fixed read bit line (RBL) bias and sensing the
SL current (Is.). For the read of state “1,” a dynamically enhanced switching capacitance
occurs (from -Qre to Qte), resulting in a higher equivalent FE capacitance (Ch=~26 uC/cm?
at its maximum value whereas dielectric HfO2 is at ~2.7 pC/cm?); When reading state “0”,
there is no polarization switching, so the capacitance at state “0” (Cv) is not enhanced. Here

the read is destructive because the polarization state is switched during the read operations.
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Figure 3.12: 2T1F circuit and pulsing scheme: (a-b) writing “1”, (c-d) writing “0”, and (e)
reading the written state of “1” and “0” by sweeping VrwL from0V to 5 V.
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Successful read operations are experimentally demonstrated in Fig. 3.13. The read
operation is performed after programming the 2T1F FERAM to either state “1” or “0”.
Figure 3.13(a) shows the measured IrsL versus Vrwe during the read operation with an FE
capacitor area of 5x5um?, where state “1” has a lower threshold voltage (V1) compared to
state “0.” The amount of domain switching varies as the Vw changes in Fig. 3.13(b). It was
unable to observe noticeable memory window with Vw=2V while the memory window is

increased as Vw increases to 4.5V.
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Figure 3.13: Measured IrsL of the reading transistor in the 2T1F circuit for (a) at Vw=4.5V
and (b) Vw dependency from 2.5V to 4.5V (VreL=0.05V, VsL.=0V, tw1=1ms, two=1.6mSs).

It should be noted that although 2T1F FeRAM (during read) and ferroelectric-metal
field effect transistor (FeMFET) share a similar structure, the writing transistor of 2T1F
provides a path for all the free charges to deplete out of the storage node (SN) after the
write operation. Therefore, in the subsequent read operation of 2T1F, a larger read voltage
swing is needed to introduce charges to the SN to turn on the underlying reading transistor,
causing the Qre to flip. On the other hand, for the FeMFET, the polarization of the FE
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capacitor can lead to nonzero charges at the middle floating node. The remaining charges
at the middle floating node of FeMFET could assist the turn on of the underlying reading
transistor, resulting in a nondestructive read. Furthermore, the required write voltage for
2T1F FeRAM is lower than that required for FeMFET since the write voltage for the 2T1F
FeRAM directly applies to the FE capacitor. On the other hand, the write voltage required
for FEMFET is higher because it is dependent on the capacitive voltage divider ratio

between the reading transistor and the FE capacitor.

Figure 3.14(a-e) show the measured retention characteristics of IrsL versus Vrwi.
Since the transient charge at the SN is discharged in the pulsing scheme (WW.L is turned
off after WBL), the depolarization effect is negligible compared to that in the FeEMFET
[14]. However, the imprint effect still induces the retention degradation. Thus, the Vr
window becomes smaller at 10* s, but still exhibits a reasonable margin (Fig. 3.15(a)).
Here, the low and high V1 correspond to the same and opposite state, respectively. The
high V1 drift in Fig. 3.15(a) is observed, which may originate from asymmetric electric
field across the HZO layer due to the potential drop at the external parasitic components or
writing transistor and asymmetric interface from top and bottom electrodes. It is considered
that a monolithically integrated 2T1F structure with carefully designed writing voltages
would result in less variation of the low Vr value, a stable VT throughout the retention time,
and a lower Vw. On the other hand, the 2T1F can also be operated at eDRAM mode by
charging the reading transistor with pulse conditions shown in Fig. 3.15(b). The retention
is short for the eDRAM mode, less than 10%s even when the FE capacitor area is as large

as 200x200um?, as shown in Fig. 3.15(c).
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In Fig. 3.16, the IrsL Versus Vrwi curves are shown at state “1”” and state “0” with
FE capacitor areas from 5x5um? to 25x25um?, respectively. It can be found that the IrsL
at state “1” starts flowing at a lower voltage, resulting in a larger Vt window when the
capacitor area is small. This is because the smaller capacitor area induces larger voltage
drop across the FE capacitor, causing the reading transistor to turn on faster. Further
systematic simulation study on size dependence of the FE capacitor in 2T1F structure is

discussed the following section.
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Figure 3.14: Measured IsL of the reading transistor at different retention time. The FE
capacitor area=5pumx5um, VreL=0.05V, Vw1=4.5V, and Vwo=4.0V.
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3.2.2 Simulation Results

A compact model of the BEOL transistor with IWO channel at Lg=30nm [61] is
used for the write transistor, and a foundry model of a logic transistor at 28nm node is used
for the read transistor. The Preisach model is used to fit the P-V curve of our sample and a
FE planar area of 1F? is assumed. The BL capacitance is assumed to be 6.8fF considering
the wire resistivity from the IRDS table, the assumed feature size, and the parasitics of the
transistor models. Figure 3.17 shows the simulated waveforms for 2T1F FERAM. During
read, RBL is discharged only when the voltage of the storage node (Vsn) is high enough to
turn on the read transistor, happened at state 1; while reading state 0, the voltage difference
between Vsn and Vs is smaller than V1. To explore the reason behind the Vsn difference,
we extracted the P-V trajectory during the read operations in Fig. 3.18(a). Similar numbers
of charges are provided from RWL to the FE capacitor, but they lead to different sub-
polarization states (different ending points for both the red and blue curves) due to the slope
differences in P-V between the two states. We further reduce Vrwi from 2V to 1.35V in
Fig. 3.18(b). The fewer injected charges induce a smaller slope difference between the two
states, resulting in a smaller Ve difference. Vsi also determines the sense margin. Figure
3.19(a) shows that Vs (400-800mV) can successfully distinguish the two states with
sufficient margin, allowing one state to turn on the reading transistor and the other to keep
it off. At 28nm node, >400mV RBL margin is achieved in a 128x128 2T1F array (Fig.

3.19(h)).
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Figure 3.17: SPICE simulation waveforms for write and read operations at 28nm node.
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Figure 3.19: (a) Simulated sense margin vs. SL voltage, which is defined as the difference
of VreL between state 0 and 1 during read. (b) Schematic of a 2T1F FeRAM array.

To quantify the energy benefits, we compare the proposed 2T1F FeERAM with the
conventional 1T1F FeRAM at the array level under the same sense margin of 420mV. In
Table 3.5, the simulation results show that 2T1F consumes 0.75fJ and 1.65fJ for a read and
a write operation respectively while 1T1F consumes 7.2fJ for write and 10.5f]) for read.
The main reason for the significantly lower energy for the 2T1F design is that the active
area of the FE capacitor is reduced by more than 10 times in 2T1F compared to 1T1F due
to the transconductance read-out mechanism. It should be noted that the projection to the

advanced node only considers a linear scaling of the P-V characteristics.

Table 3.5: Comparison between 2T1F and 1T1F FeRAM under 420mV Sense Margin

Type | Write Energy | Read Energy | FE Cap Area FE Cap Structure

2T1F 0.75fJ 1.65f) 900nm? Planar

1T1F 7.21] 10.5fJ 10080nm? Cylinder w/ AR~3.6
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Since the sense margin is dependent on the Vsn difference between state 1 and O,
we need to determine how the areas of the device components affect Vsn. During read,
when Vrwi rises, the voltage is distributed to two effective capacitances in series, the FE
capacitance and the equivalent gate capacitance of the read transistor. Hence, the effective
area of the two capacitances can impact Vsn and subsequently affect the readout voltage.
More specifically, if the area of the FE capacitor and its capacitance are increased, the
voltage across the FE capacitor should decrease, resulting in a higher Vsn to maintain the
number of charges shared with the gate of the read transistor. The change in Vsn will affect
the optimal Vs range for a successful read and a reasonable sense margin. Hence, the
width of the read transistor and the area of the FE capacitor as well as Vs~ should be co-

designed to achieve the maximum sense margin.

Figure 3.20 shows the sense margin under different area of the FE capacitor. With
increasing area of the FE capacitor, the Vsn increases. The higher Vsn at state 0 turns the
read transistor to subthreshold region. This leads to a higher leakage current from RBL to
SL. Therefore, VreL at state 0 decreases and further causes the sense margin to decrease as
the FE capacitor area rises. On the other hand, if we decrease the capacitor area below 1F?
in the simulation, the Vsn will decrease since the voltage drop on the gate capacitance
needs to decrease to maintain the charges at the SN. The lower Vsn results in a lower
discharging rate on the pre-charged RBL at state 0. Hence, a higher VrsL at state 0 and a

lower margin are observed with decreasing areas of the FE capacitor in Fig. 3.20.

The optimal area of the FE capacitor for the maximum margin to occur depends on

the VsL. VsL needs to be set low enough for VreL at state O to discharge fast, while Vs
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also needs to be high enough to prevent VreL at state 1 to decrease due to the leakage
current. The Vs in Fig. 3.19 is determined for the area of FE capacitor = 1F2. As a result,
if a system needs a larger area of the FE capacitor for some reasons, such as a better
immunity to thermal noise, a higher Vsi is needed. However, the penalty of a larger FE

capacitor includes higher read and write energy as well as a larger area overhead.

1.0

-=@— RBL at state 1

02L --@— RBL at state O
=—te— Margin
1 1 1 1 1
400 800 1200 1600 2000

FE Capacitor Area (nm>?)

Figure 3.20: Simulated sense margin vs. area of the FE capacitor, where 900nm? is close
the smaller area possible (F?) at 28nm. The width of the read transistor is set as 120nm, the
smallest width allowed in the PDK.

In Fig. 3.21, instead of fixing the width of the read transistor as a constant, we fix
the area of FE capacitor to 1F? and sweep the width of the read transistor. When the width
of the read transistor increases, Vs is observed to decrease in order to balance the charges
in SN, similar to what happened when we decrease the area of the FE capacitor in Fig. 3.20.
The decreasing Vsn at state 1 results in a slower discharging rate on the pre-charged RsL
so we can observe a slightly increased VreL at state 1 with a larger width of the read
transistor. In this case, if a larger read transistor is needed for a faster read-out speed, a

smaller Vsi is needed to increase the discharging speed for a larger sense margin.
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In sum, even though it is plausible to still achieve a >400mV sense margin with
larger devices by tuning Vs, this sense margin can be realized with minimum-sized read
transistor and FE capacitor. Therefore, minimum sizing for both the FE capacitor and the
read transistor is recommended for applications that require lower power and higher area

efficiency.
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Figure 3.21: Simulated sense margin vs. the width of the read transistor, where 120nm is
the smallest width allowed in the foundry PDK. The area of the FE capacitor is set as the
minimum area, F2.

3.3 Temperature Dependency of Sense Margin

In this section, we fabricated the ferroelectric capacitors for FeRAM applications
in the clean room of Georgia Tech. Although the device endurance is not as competitive as
the state-of-the-art industry prototypes that are discussed in section 3.1, we aim to
understand what the relative change of endurance characteristics is when the capacitors are

measured at different temperatures.
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Figure 3.22 shows the structure and process flow of the HZO capacitor [42].
Essentially, the top and bottom electrodes TiN and ferroelectric HZO thin films were
deposited in the plasma-enhanced atomic layer deposition (PEALD) chamber without
breaking the vacuum. 450°C post-deposition annealing was performed for crystallization
of the orthorhombic phase. The top Al was used as a pad for the probing contact. As shown
in Fig. 3.23, the thicknesses of Al, top/bottom TiN, and HZO were deposited with 100 nm,
12 nm and 10 nm respectively in the high-resolution transmission electron microscopy
(HR-TEM) image. Uniform and clear interfaces along with distinguishable crystallinity
were found in the TiN/HZO/TiN stack, which resulted in suppressed wake-up and fatigue
effects compared to thermal ALD deposited HZO [23]. The areas of the HZO capacitors
were 453, 2,171, and 38,860 pm?. The cryogenic characterization was performed in
Lakeshore CRX-4K close-loop probe station whereas the high-temperature
characterization from RT was performed in Cascade S12K probe station. The electrical

testing platform is built upon the Keithley-4200 system.

(a) (b) ® RCA cleaning of p* wafer
100 nm ® TiN (12 nm) dep. for bottom electrode All a'iﬁsotuc
withou

® PEALD HZO (10 nm) dep. for ferroelectric layer breaking

12 nm @® TiN (12 nm) deposition for top electrode vacuum

10 nm @ Rapid Thermal Annealing at 450 °C for 30s
® Aluminum (100 nm) dep. with e-beam

12 nm

evaporator

@ Lithography and patterning (wet-etching of Al
and TiN with MF-319 and diluted H,0,
respectively)

p* Si Wafer
(0.01 ~ 0.05 O-cm)

Figure 3.22: (a) Structure and (b) fabrication process flow of the ferroelectric capacitor.
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Figure 3.23: HR-TEM image of the TiN/HZO/TIN stacked ferroelectric capacitor with
12nm PEALD top/bottom electrodes of TiN and 10nm HZO.

In Fig. 3.24, the cycling endurance of 2x remnant polarization (Pr) with pulse width
(tp) = rising/falling time (tvr) = delay time (ta) = 1us is demonstrated at a wide range of
temperatures from 4K to 400K. The positive-up-negative-down (PUND) pulses were
applied to obtain the endurance characteristics. The measured HZO capacitor has an area
of 453um?. It was found that the hard breakdown at 4K occurs at >3.5x10%° and >1.1x10%°
cycles with 2.5V (bold lines) and 3.5V (dashed lines) of the write voltages (Vw),
respectively. To our best knowledge, the number of cycles >3.5x10% at 2.5V is one of the
highest endurances measured among TiN/HZO/TIN capacitors, demonstrating excellent
close-to-intrinsic cycling endurability. Previous reports on high endurance were based on
the projection method [16] or high-field recovery [26]. In [16], the 11 nm-thick HZO
capacitor could endure up to 10° cycles at 100 kHz, which was projected to 10 at 10MHz.
On the other hand, in [26], the 10 nm-thick HZO capacitor showed endurance cycles over
10'2 cycles with the aid of 100 cycles of high-field recovery pulse (3.5 MV/cm) at every
10°-10'° cycles before the fatigued polarization becomes 0. From 4K to 77K, the

polarization switching sustains its initial value with an increasing number of cycles,
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indicating negligible wake-up/fatigue effects. It should be pointed out that the 2Pr values
are smaller at 400K compared to 300K or 358K at 2.5V because the relatively smaller
switching current with the small applied voltage is overwhelmed by increased leakage at

the elevated temperature.
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Figure 3.24: Measured endurance of the ferroelectric HZO capacitor under various
temperatures (4 K, 77 K, 300 K, 358 K, and 400 K) at applied voltages of 2.5V and 3.5V.

3.3.1 Sense Margin at 28nm from 4K to 400K

A 128x128 FeRAM array was simulated in SPICE to estimate the sense margin at
28nm node. The schematic of the array is shown Fig. 3.25, where the reference voltage is
generated by a reference column for the sensing circuits. The ferroelectric Preisach model
[62] was used to fit the measured P-V at different temperatures, and the access transistor
was simulated with a foundry 28nm 1/O transistor model. It should be noted that the
transistor model cannot fully capture the transistor I-V characteristics at 4K regime.
However, we argue that this has little impact on the simulation results since the memory
window is only dominated by the P-V curve of the FE capacitor instead of the access

transistor as long as the drive strength of the transistor at 4K is kept sufficiently high.
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The sense margin, defined as VeL difference between two memory states, was
simulated considering the P-V shift that is fitted over experimentally measured endurance
data. We set the programming voltage to be 2.5V and assumed the HZO capacitor to be
cylindrical-shaped with a surface area of 50F? with an aspect ratio of 16. Figure 3.26 shows
that the sense margin is more stable at a lower temperature where weaker wake-up and
fatigue effects occur. Using 150mV sense margin as the threshold, FeERAM has a lifetime

of 10® and 10° cycles at 300K and 400K, respectively, while 10%° cycles can be achieved

at 4K.
128x128
array BL Decoder Reference
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qJBL BLig| RBL RWL, |
Bl [ AL ™
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Figure 3.25: Schematic of a 128x128 FeERAM array with a column of reference cells.
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Figure 3.26: Simulation result of the projected 28 nm 1T1F FeRAM array with Vw=2.5 V.

3.4 Summary

An endurance-aware compiler further bridges the FeRAM device endurance to the
system lifetime for different applications. 2T1F FERAM is proposed and demonstrated,
showing a significant reduction in both cell area and read/write energy compared to
conventional 1T1F FeERAM. This new 2T1F FeRAM design paves the path for FeERAM
scaling beyond 28nm node. Lastly, the temperature dependency of the endurance and sense

margin of FeRAM from 4K to 400K is analyzed.

95



CHAPTER 4. FERROELECTRIC NON-VOLATILE SRAM

This chapter briefly introduces a ferroelectric-based 10T2F non-volatile SRAM
(nvSRAM) design which significantly reduces the leakage power in conventional SRAM
and enables an instant power-on feature with limited area overhead. Compared to prior arts,
our design achieves a better retention of the FE capacitors as well as less impact on the
read and write static noise margins of SRAM by decoupling the storage nodes from the FE
capacitors. The proposed nvSRAM is compatible with the advanced technology nodes (e.g.
28nm or beyond) by delivering the write voltage (Vw) for the FE capacitors (~2V) from
BEOL transistors while maintaining the SRAM at Vop <=1V. Based on the experimental
data from HZO capacitors and IWO transistors, we run SPICE simulation to extract the
STORE and RECALL energy. The simulated results suggest that an application with an

average idle time >10ms can benefit from this 10T2F nvSRAM.

4.1 Device Characteristics

Among the ten transistors, six are at the front end as the standard 6 T-SRAM, while
four BEOL-compatible IWO transistors at switches with low area overhead. Figure 4.1(a)
shows the measured 14-Vg of a BEOL dual-gate transistor with IWO channel [61]. Figure
4.1(b) shows the measured P-V of the ferroelectric capacitor with TIN/HZO(10nm)/TiN
[63]. The experimental data of the BEOL transistor and FE capacitor in Figure 4.1(a-b) are
extracted for developing the virtual source model and the multi-domain Preisach model

used in the SPICE simulation.
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Figure 4.1: (a) Measured l4-Vgs of a BEOL dual-gate transistor with IWO as the channel

material with length=50nm, 7nm channel thickness, 5nm HfO: gate oxide, and V4s=1V. (b)
Measured P-V of the ferroelectric HZO capacitor with TiN/HZO(10nm)/TiN.

4.2 Circuit Schematics and Simulation Results

Figure 4.2 shows the 3D circuit schematic of the proposed nvSRAM [64]. At the
bottom tier, a 6T SRAM is shown with two additional vias connecting both storage nodes
to the top tier. Each storage node is connected to a circuit of two BEOL transistors and one
ferroelectric capacitor, which is assumed to be of a cylindrical structure to increase the
surface area to provide sufficient charges. In this work, positive/negative remnant
polarization (Ps) represents state 1/state 0, resulting from a 2V write pulse from VpL/VpL2
with the other side grounded. During normal operations, C1 is grounded to disconnect the
ferroelectric capacitors from the SRAM. Meanwhile, VrL and C2 are also grounded. Before
Voo is turned off, a STORE operation is performed to store the data into the ferroelectric
capacitors. At the first step of the STORE operation, Cz is set to 2V, and VpL2 gives a pulse
with an amplitude of Vw=2V, while PL remains grounded (Fig. 4.3), programming both

FE capacitors to state 0. Next, we turn off Cz, turn on Cs, and give a pulse from PL with an
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amplitude of Vw. If a storage node now contains data 1, where V=Vpp=1V, the cross
voltage on the corresponding FE capacitor is Vw-Vop=1V, resulting in the FE capacitor
remaining in state O or some intermediate states away from state 1. The other storage node
containing data 0, however, can flip the ferroelectric capacitor to state 1 with a cross
voltage of 2V. After Voo is restored, the RECALL operation is performed with C1 turned
on and PL grounded. The potential difference in the storage nodes due to different
polarization of the FE capacitors will lead the storage-node voltages restored to their
previous values. The key parameters for the SPICE simulation are shown in Table 4.1.
Figure 4.4 shows the energy consumption during idle time. The STORE and RECALL
operations only require ~94fJ even with a relatively large effective area of the capacitor.
Figure 4.4 suggests that an application with >10ms average idle time can benefit from this
design. Figure 4.5 shows that read / write static noise margins are not affected by the

ferroelectric capacitors due to the isolation transistors.

VPLZ
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“Zwo / _Iwo
Cl ~ —
Vv —1Wg~ Vs —Wo7
s_bar
FE FE
T T v
PL

Figure 4.2: 3D circuit schematic of the proposed nvSRAM. One BEOL isolation transistor,
one BEOL access transistor, and one ferroelectric HZO capacitor are fabricated on top of
each storage node of a normal 6T-SRAM.
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Figure 4.3: Timing diagram of the control signals for STORE and RECALL operations.

Table 4.1: Simulation Parameters for the Proposed NVSRAM

Parameter Value

VDD (for SRAM) 1V

Vwrite (for FE capacitor) 2V

C1, C2 control line 2V

WI/L of transistors in SRAM 100nm/30nm
WI/L of the BEOL transistors 100nm/50nm
Diameter of FE capacitor 50nm
Aspect ratio of FE capacitor 10

Ps (at Vwrite=2V) 10uC/cm?

Pr (at Vwrite=2V) 7.5uC/cm?
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Figure 4.4: The summed energy of STORE and RECALL operations of the proposed
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Figure 4.5: Undisturbed dynamic and static noise margins of the proposed nvSRAM.

4.3 Summary

A 10T2F nvSRAM is proposed and verified in SPICE simulation. The proposed
3D nvSRAM design can solve two major drawbacks. First, the BEOL transistors can serve
as isolation and access transistors without area overhead, increasing the stability of the
ferroelectric capacitor and reducing disturbance to the SRAM. Second, our pulsing scheme

allows the cell Voo of SRAM to be compatible with those in the advanced technology
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nodes, meanwhile ensuring successful write operations on the ferroelectric capacitors.
Further analysis on the impact of process variations of the IWO transistors and FE

capacitors will be part of future work.
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CHAPTER. FERROELECTRIC TUNNEL JUNCTION

Ferroelectric tunnel junction (FTJ) has been proposed to realize crossbar arrays
since it has a selector-like exponential I-V characteristic and ultra-low off-state current [20-
22]. Therefore, theoretically, the high resistance of FTJ can solve the problems of sneak
path current and interconnect parasitics, and it can also maintain the optimal memory
density with its built-in-selector feature and CMOS compatible fabrication processes [65].
In this chapter, an FTJ design with a large on/off ratio and multiple-level memory states
per cell will be demonstrated. Further analysis on its I-V characteristics and potential

applications will be also introduced.

5.1 1-V Characteristics

In this work, TiN/AI203(2 nm)/HZO(10 nm)/ TiN stack was deposited in situ with
the Fiji G2 plasma-enhanced atomic layer deposition (PEALD) tool at 250°C [66]. The
samples were post-annealed in N2 at 450°C for 30s. The device area under test is
100umx100um. The voltage is applied to the top electrode (Al203 side) while the bottom
electrode is connected to the ground (Fig. 5.1(a)). This device structure followed [21] that
suggested using Al203 as the tunneling barrier and using HZO polarization switching to

modulate the band offset, thus tuning the tunneling current [67].

Figure 5.1(b) shows the multi-level per cell 1-V characteristics of the FTJ. The read
voltage was swept from 0V to -2V with a step size of 100mV. The program voltage pulse
that sets the FTJ to a lower resistance state is -4V and 10us. However, the erase voltage

pulse that resets the FTJ to a higher resistance state is 6V and 50us. This may arise from
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the asymmetric structure of the FTJ. While the typical reported on/off ratio for FTJ is below
30 [20-22], the on/off ratio of our FTJ when read at -2V can achieve about 100. The large
on/off ratio should be mainly attributed to the deposition method applied. We used plasma-
enhanced ALD to form the ferroelectric layer, whereas traditional FTJs are fabricated using
thermal ALD. The plasma ALD has been reported to create a ferroelectric layer with better

quality in terms of crystallinity [68].
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Figure 5.1: (a) Device structure of 10nm thick FTJ (b) Measured multi-state I-V with
device area 100umx=100um.

Although a great performance has been achieved by this FTJ, including multiple
memory states per cell and a high on/off ratio, we noticed that the current density of our
FTJ is too small, ~1.667x10* (A/cm?) for the on-state current at -2V. The low BL current

levels cannot be distinguished by sense amplifiers [24] at an advanced technology node.

Alternatively, we propose that the FTJ-based crossbar array might still be feasible
for CIM applications, where hundreds of WLs are activated at the same time, so hundreds
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of memory cells are contributing current simultaneously to a given BL. Thus, the required

minimum on-state current for a single memory cell is relaxed.

However, even for the CIM application, the summed current at an advanced node

is still too low, ~1pA even for a 102401024 array with all the WLs turned on and all the

devices in the low-resistance state (LRS) [69]. The current level can be further boosted by
building a three-dimensional FTJ, similar to the concept of stacked capacitors in the
modern DRAM process [70, 71]. More specifically, we can build a cylinder-structured FTJ
(Fig. 5.2) instead of a 2D planar device. In this way, the effective device area can be
increased and, thus, the current of a single device can be boosted. The aspect ratio of the
cylinder structure for our later simulation is set to be 223, which is defined as the height of
the cylinder divided by its diameter. The value is extracted from the parameters of Samsung
18nm DRAM from Tech Insight reverse engineering report [72]. It should be noted that
the fabrication process of the FTJ is similar to that of the DRAM process except for the
requirement of the annealing temperature of the ferroelectric materials to fit in the back-
end-of-line process. Nevertheless, it has been reported that ferroelectric HZO can be
fabricated with an annealing temperature < 400°C [23]. Compared to the DRAM process,
an additional etching step is needed to form the crossbar array. We assume that the WL is

the outer electrode of the cylinder and BL is the inner electrode of the cylinder.

104



Figure 5.2: lllustration of a cylinder-structured FTJ to increase the on-state current.

After the current boost by stacking FTJ into a cylinder, the on-state current of a
single memory cell at 20 nm node becomes ~0.467pA, which is about 700 times larger than
the current without stacking. However, the current level is still far from desirable. Again,
we assume all the WLs are turned on and all the devices are in the LRS, the summed BL
current now is ~ 0.5nA. The current level is improved from the previous one, but it is still
too small. A 1nA current may require more than 1ms sensing time [24], which is too long

even for off-chip standalone memories.

To make a 1024x1024 FTJ crossbar array suitable for neuro-inspired computing at
20nm node, the summed current for 1024 on-state devices should be at least 1pA to have
a sensing time close to 1us. In other words, we need to project a 20nm FTJ with an on-state
current larger than 1nA. A recent experimental breakthrough [73] reported ultra-thin 1 nm
HZO and its FTJ characteristics with a higher current density than ours, which is 15.03
Alcm? and 0.56 A/cm? for on-state and off-state current read at 200mV respectively. The
on-state current density is equivalent to about 60pA for a device at 20nm node.
Unfortunately, this current density is still far lower than 1nA, which is not enough for

neuro-inspired computing (opening multiple WLs at the same time). However, if we also
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design this FTJ as cylinder-structured with the same aspect ratio of 223, the on-state current
for this FTJ at 20nm node becomes 42.1nA. This current level now is of the target. Even
when there are only 10% of devices in the on state along the same BL in a 1024x1024

array, the summed current level is still above 1pA.

5.2 Simulation Results

The current we extracted from this projected FTJ is almost linearly proportional to
its applied voltage (up to 200mV). Hence, we can use two resistors to model the on-state
and off-state 1-V, where the extracted on-state Rrry = 4.75MQ and off-state Rrry =
127.4MQ. To perform the array-level simulation, we construct crossbar arrays with N by
N FTJ cells (Fig. 5.3(a)), where N = 64, 128, 256, 512, and 1024. To take the wire resistance
and capacitance into consideration, we built the unit cell of the FTJ as in Fig. 5.3(b). One
segment of the Rwire and Cwire in @ unit cell is 2.93Q and 8.8aF which are referenced from
International Technology Roadmap for Semiconductors (ITRS) [74] Table for 20 nm
DRAM. The Crry here is assumed to be 8.41fF which is estimated from the 1nm-SiOz-and-
1nm-HZO dielectric layers of the projected FTJ [73]. It is noted that the estimated Crry is
significantly larger than that of the two-dimensional FTJs because the capacitance is also
proportional to the increased effective area of the cylinder-structured FTJ. The array-level
netlist is constructed in HSPICE to evaluate the performance of this projected FTJ-based

crossbar array.
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Figure 5.3: (a) Schematic of a 1024x1024 FTJ crossbar array. (b) Schematic of a unit FTJ
cell with distributed wire resistance and capacitance. (c-f) Array-level simulation based on
projected FTJs. (c-d) All the WLs are turned on and all the FTJs are in the LRS. (c)
Summed current and error and (d) sensing delay in the farthest BLs are shown with respect
to the array size. (e-f) Only WL1 is turned on and the upper-right corner cell in (a) is in the
LRS. Other cells are either all in the HRS or LRS. (e) Summed current and error and (f)
delay in the farthest BLs are shown versus the array size.

With the assumption of an analog-to-digital converter (ADC) attached at the end of
each BL, we ran the transient simulation in HSPICE with all the WLs turned on, all the
BLs grounded, and all the FTJ in the LRS. It should be noted that the setting of the virtual
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grounded BL is suitable for the sensing scheme that uses OPAMP to convert the current to
the voltage through a feedback resistor, which is followed by the voltage-mode sense
amplifiers. The overall sensing delay is typically dominated by the BL delay for the signal
development. Figure 5.3(c) shows the summed current at the farthest BLs for different
array sizes. The current levels now are in the order of 10pnA with Vread = 200mV. In Fig.
5.3(c), we also evaluated the summed-current accuracy by computing the errors at the
farthest BLs from the voltage source versus the array size. The error is defined as the
absolute value of this equation: (simulated current - ideal current) / (ideal current) x 100%.
The ideal current should be proportional to the number of on-state devices with WLs
connected to them activated. However, since there exists IR drop and sneak path current,
the error is non-zero. The error in Fig. 5.3(c) becomes worse when the array becomes
larger. However, the accuracy is still acceptable and it can be improved by adding dummy

columns or reference arrays for off-current cancellation [75, 76].

As we stack the FTJ, its capacitance increases. Besides, FTJ has a relatively larger
resistance. Therefore, the RC delay is of concern, where we are interested in the BL sensing
delay after the WL voltage is applied. The sensing delay is calculated as the time when the
BL current reaches within 10% range of its steady-state current subtracted by the time when
the WL voltage reaches within 10% range of its final value, 200mV, in this case. In Fig.
5.3(d), it is shown that the sensing delay for the 1024x1024 array is about 40ns. Sensing
delay does not change much with respect to the array size when the array is small (N <
256), while sensing delay grows linearly with the array size when the array is large (N >
256). This implies that when the array grows large, the delay of charging the Cwire Will

begin to dominate the sensing delay.
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We also simulated the other extreme case where only WL is activated. In this case,
we set the FTJ in the upper-right corner (Fig. 5.3(a)) to be in the LRS, while the other cells
are set to either all in LRS or all in the high resistance state (HRS). In Fig. 5.3(e), it is
shown that when all the devices are in the LRS, the summed current has the largest error
due to the larger sneak-path current. From Fig. 5.3(f), however, when the other cells are in
the HRS, the delay becomes worse. This is due to the higher resistance state resulting in a
larger RC time constant. From here, we notice that more HRS devices may be good for a

high accuracy, but a longer delay may occur at the same time.

In Fig. 5.3, we assume extreme scenarios, where most of the FTJs are in the same
state. However, the goal for the FTJ crossbar array in this work is for CIM so a realistic
pattern of the on-state and off-state FTJs should be based on a real DNN model and its
workloads. Therefore, we trained a VGG-8 model for CIFAR-10 dataset with 8-bit
activation, weight, error, and gradient. Owing to its large array size, FTJ-based crossbar
can implement the fully connected layer efficiently. We selected the first 1024x128
weights of the first fully connected layer of VGG-8 as a case study. Since each weight is
of 8 bits and can be represented by 8 binary cells, we assigned 8 adjacent cells in the same
WL to represent one weight value. In this way, all 1024x1024 FTJs in the array are assigned
and present a realistic data pattern using a conventional weight mapping strategy [24]. We
use this pattern (Fig. 5.4(b)) to simulate the array-level performance with projected FTJ
devices. The summed current accuracy and delay of different BLs are recorded while
different numbers of WLs are turned on. Q1, Q2, Q3, and Q4 means that the corresponding
quarters of the WLs (1~256, 257~512, 513~768, 769~1024 WLs) are turned on,

respectively, and the others are grounded (Fig. 5.4(a)).
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In Fig. 5.4(c), the summed current levels are on the order of 10pA, which implies
a reasonable sensing time [24]. The largest current among all the BLs is 24.6puA, while the
lowest is 15.2pA. In Fig. 5.4(b), the errors in the BLs are shown. The error is calculated
the same way as we did for Fig. 5.3(c) and (e), described in the first paragraph of Section
5.2. When more WLs are open, the summed current becomes more accurate. Furthermore,
if the BLs are farther away from the voltage sources, errors of the summed current will be
larger. The larger inaccuracy at the farthest BL may also be contributed by the sneak-path
current from the cells of the columns that are nearer to the voltage sources. There would
be more sneak-path current accumulating to a farther BL, causing more inaccuracy. In
practice, we could improve the accuracy with the inclusion of dummy columns or reference
arrays for off-current cancellation [75, 76]. In Fig. 5.4(c), the delay in each BL becomes
slightly longer when there are fewer WLs turned on. The delay is different from different

BLs too, where the worst delay is about 57ns.

On top of the weight mapping from the quantized VGG-8, we also applied the real
traced 1024x8-bit quantized input vector to WLs. The input is extracted from VGG-8
during an image inference test. We mapped one bit of each quantized input to the WLs at
a time. If the bit is one, we turned on the corresponding WL. Otherwise, we grounded it.
The average error of the summed current is 19.4% and the average BL delay is 44.1ns. It
is noted that the summed current here is above 10pnA which can be sensed by the sense
amplifiers at a rather fast speed. Hence, a lower level of current with a smaller effective
area can be considered to reduce the delay for the BL current to develop. For example, the
most straightforward design is to reduce the aspect ratio and, at the same time, decrease

the fabrication cost.
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Figure 5.4: Array-level simulation based on the projected FTJs. 1024x128 quantized 8-bit
weights of VGG8 are mapped to a 1024x1024 binary FTJ crossbar array. (a) Schematic of
1024x1024 binary FTJ crossbar array, where WLs are divided into four parts, Q1, Q2, Q3,
and Q4. (b) The zoomed-in data pattern of the first 64x64 FTJs is illustrated. The blue
pixels represent FTJs in the RHS and the red ones represent the FTJs in the LRS. (c)
Summed current and (d) its error in different BLs are shown. (e) Delay of the summed
current for different BLs is simulated.
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5.3 Summary

We fabricated and measured 10nm thick HZO-based FTJ with >100 on/off ratio
and multi-state 1-V. However, the on-state current density is too low to realize an FTJ
crossbar array for neuro-inspired computing. To overcome this problem, we proposed
stacked FTJs to increase the effective area so that we can have a desirable current level
while maintaining 4F2 per cell. We ran HSPICE simulation with projected 1nm thick FTJ
based on the concept of stacked DRAM capacitor at 20nm node. To make the distribution
of on-state and off-state devices realistic within the array, we mapped the quantized
weights of VGG-8 to the FTJ crossbar array. The evaluation of summed current, accuracy,
and delay suggests that FTJ crossbar arrays could be a promising candidate for CIM if the

current density is increased sufficiently.
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CHAPTER 6. SUMMARY AND FUTURE DIRECTIONS

6.1 Summary of Presented Work

This thesis presents four types of ferroelectric memories for both CIM and buffer
memory applications, of which the conclusion and contributions are summarized as

follows:

Chapter 2 introduces non-volatile capacitive CIM, where the weight values are
encoded in the capacitance levels of the proposed capacitive memories. The non-volatile
capacitive CIM has been shown to outperform its resistive counterpart due to its low static
power consumption, low IR-drop, better scalability, low read/write disturbance, and small
cell size. This capacitive approach has been thoroughly investigated from device physics,
array circuit designs, to system-level design space exploration and benchmarking. At the
device level, MFM and MFS structures are proposed and demonstrated both
experimentally and in simulation, where MFM designs excel in their better BEOL
compatibility with a higher potential for area-efficient 3D stacking, but their low
capacitance on/off ratio demands a higher system complexity to achieve an acceptable
inference accuracy; On the other hand, it is more difficult to stack the MFS designs above
the peripheral circuits, but their higher on/off ratio can achieve a better signal-to-noise
ratio, thus a lower system overhead for a high inference accuracy. At the array level, linear
MAC operations are experimentally demonstrated versus both weights and inputs. SPICE
simulation at 22nm is also performed, showing that the proposed capacitive design

achieves 20x-200x energy savings compared to its resistive counterparts. The array-level
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simulation further includes various device and array non-ideal effects, including the device
variation, temporal noise, capacitance on/off ratio, signal range, and array size. The
effective number of bits at the array output is summarized as a function of the device and
array parameters. Finally, a system-level cross-layer framework is built to evaluate the
system metrics and inference accuracy considering different device designs and array
settings. This framework can also be used to search the design space and optimize for

different applications that prioritize different system metrics.

Chapter 3 discusses three aspects of FERAM: endurance, area and energy scaling,
and temperature dependency. First, an endurance-aware compiler is built to evaluate the
system lifetime given the device endurance level. Furthermore, wear-leveling, dual-mode
operations, and a larger buffer size are proposed to alleviate the endurance issue. The
overall results suggest a 102 endurance can sustain an intensive DNN training routine for
a smaller dataset (CIFAR-10) and an incremental training routine for a larger dataset
(ImageNet). More importantly, this work bridges the gap between device endurance and
system lifetime, where device researchers could rely on the proposed methodology to set
the endurance target of their FeERAM for given applications. Second, 2T1F FERAM is
proposed to replace the traditional 1 T1F design by reducing the cell area, write energy, and
read energy by 10x, 10x, and 7x, respectively. This work is verified both experimentally
and in simulation, paving the path for the scaling of this technology beyond 28nm node.
Finally, the sense margin of FeERAM versus endurance cycles is extracted at temperatures

from 4K to 400K, where a more steady sense margin is observed at a lower temperature.
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Chapter 4 introduces 10T2F nvSRAM which overcomes the issue of high leakage
power consumption in SRAM, provides the instant-on feature, and reduces the security
risks by storing the data locally during the power-off state. Compared to the prior arts, this
design allows the supply voltage to be at 1V or lower, compatible with the advanced
technology nodes, while removing the stress on the NVM during normal operations and
thus improving the reliability. The analysis of energy consumption versus the activity rate

implies that an application with >10ms average idle time can benefit from this design.

Finally, an FTJ design with a large on/off ratio and multiple memory states per cell
is shown. Although the high resistance and exponential 1-V characteristics of FTJ could
help achieve an ultra-low power consumption and a compact cell design, the ultra-low
current density of FTJ makes it impossible for the sense amplifiers to sense its stored data
within a reasonable latency. Hence, an FTJ design with a higher current density is required.
Furthermore, it is shown that, compared to typical memory applications, the CIM
application is more suitable for FTJ as many rows are activated in parallel during the MAC
operations, so the currents can be added up to reach the minimum current threshold for an

acceptable sensing time more easily.

6.2 Summary of Future Directions

There are a few future directions to build on top of the work presented in this thesis.

Some examples are shown below:

For the non-volatile capacitive CIM (Chapter 2), the advantages of the MFM and
MFS capacitive synapses are the BEOL compatibility and high on/off ratios, respectively.
A future direction could be the integration of these two advantages into one capacitive
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memory by using a BEOL-compatible material to replace the bottom layer of the MFS
capacitive memory. Another direction is to explore applications beyond CIM, such as
cache or standalone memory. The non-destructive-read nature of the ferroelectric
capacitive memory proposed in Chapter 2 is attractive for these applications since it can

lead to better reliability, compared to FeERAM whose read operations are destructive.

For FeERAM as buffer memory (Chapter 3), to increase the effective system
lifetime, one direction is to dive deeper into potential non-destructive reading mechanisms,
such as the volatile mode in the dual-mode operations or the capacitive memory introduced
in Chapter 2. For 2T1F FeRAM, an experimental demonstration and a thorough design-
space exploration at the macro level could be an important step to understanding the non-

ideal effects in the array-level operations.

For nvSRAM (Chapter 4), the next step is to quantify the impact of device variation

and retention on the noise margins.

For FTJ (Chapter 5), an increased current density is required for the practical

implementation of this technology at scaled dimensions.
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