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SUMMARY

The objective of this proposed research is to take a holistic approach to the post-
CMOS in/near-memory processing system design for machine learning and optimizations.
We first address the current issues of Spin-Transfer Torque Magnetic Random Access
Memory(STT-MRAM) and multi-bit ferroelectric FET in the device level. At the circuit
level, the research shows how these issues shape the peripheral circuit of STT-MRAM and
ferroelectric FET memory arrays. Lastly, at the system level, the research leads to the effi-
cient memory architecture and system design that maximizes the benefits of STT-MRAM
and ferroelectric FET while mitigating the current limitations of these devices. In the pro-
posed research, we apply the in/near memory processing system design with STT-MRAM
and ferroelectric FETs to various applications such as reinforcement learning with a drone,
image classification with Deep Neural Network and least square minimization for image
reconstruction. For the remaining part of this research, we will focus on near-memory pro-
cessing system with STT-MRAM for reinforcement learning of a drone and evaluate the
system to quantify how much benefits are expected in terms of latency, power and energy.
From this project, we would like to show that near-memory processing system with non-
volatile devices is a key enabler for real-time learning systems with stringent power and

energy constraints.
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CHAPTER 1
INTRODUCTION

1.1 Motivation

In recent years, Post-CMOS memory technologies are extensively explored as the impor-
tance of deep neural network based machine learning and distributed optimization accel-
erators increases. Among other post-CMOS memory technologies, spin torque transfer
magnetic Random Access Memory (STT-MRAM) and ferroelectric Field Effect Transis-
tor(FerroFET) are viable candidates for deep learning and distributed optimization accel-
erators. Spin Transfer Torque Magnetic Random Access Memory (STT-MRAM) is an
emerging memory technology which exhibits non-volatility, high density, high endurance
and nano-second read and write times with no refresh operations. These attributes of STT-
MRAM make it suitable as a DRAM replacement in near-memory architecture of deep
learning based accelerator. Since STT-MRAM shows short read latency and no refresh
power, application such as deep learning based Unmanned Aerial Vehicles (UAVS) with
small power-constraints is a perfect application for STT-MRAM.

Ferroelectric FET (FerroFET) have recently received great interest for its application
in non-volatile memory. It is CMOS compatible and retains ferroelectricity for thin Ims
with thickness around 10 nm. By tuning the portion of switched ferroelectric domain, a
ferroFET can exhibit multiple intermediate resistance states. Due to this feature, a single
FerroFET device can be used as a analog multiplier by measuring current across Ferro-
FET after applying voltage between the source and drain of the device. By embedding
FerroFET, a processing element, in the memory subarray itself in so called processing-in-
memory architecture, the system can solve memory bottleneck, a problem due to a large

amount of data traf c between logic and memory blocks, of deep learning and optimization



accelerators.

In the dissertation, we propose in/near-memory processing system design with post-
CMOS devices such as STT-MRAM and FerroFET for machine learning and optimization
accelerators. First, we introduce the properties and characteristics of STT-MRAM and
FerroFET and show why using these technologies can improve systems for deep learning
and optimization. Then we identify the challenges of STT-MRAM and FerroFET in device
& circuit level and provide potential solutions to the challenges. Lastly, we demonstrate
the implementation of;

1. Near-memory system with STT-MRAM for Reinforcement Learning algorithm for

a drone

2. In-memory system with FerroFET for distributed convex optimization via least

squares method
to compare the system performance in latency, power and energy with state-of-the-art con-
ventional system. In the conclusion, we show whether post-CMOS based in/near-memory
system exhibits better performance compared to conventional system even with the limita-
tions in post-CMOS devices.

In the next section, we present prior works on post-CMOS devices(mainly STT-MRAM
and FerroFET) and challenges of STT-MRAM & FerroFET based system with in/near

memory architectures.

1.2 Prior works

1.2.1 PostCMOSmemory:SpinTransferTorqgueMagneticRAM (STT-MRAM)

Itis well understood that next-generation memory-intensive ultra low power learning-based
systems require a memory technology which shows;

1. high-density

2. low-standby power (hence eNVM)

3. acceptable R/W speeds



4. compatibility with a logic process both in terms of process thermal budget and

voltage domains
This is required to ensure that the design, along with an eNVM, can take advantage of the
numerous scaled high performance, low power digital logic blocks that are essential for any
area and power constrained design like the one we have described in this paper. Compared
to other NVMs such as Phase-change memory or resistive RAM, STT-MRAM exhibits bet-
ter read/write latency [1][2] and is more mature than Ferroelectric FET based RAMs. Re-
cent publications from leading foundries [3][4][5] have demonstrated MBs of STT-MRAM
arrays with necessary peripheral circuits. Compared to STT-MRAMs, RRAMs show larger
device-to-device and cycle-to-cycle variations making it hard to commercialize [6].

Table 1.1: Comparison between STT-MRAM [7][5] and competing technologies (EFlash
[8][9][10], RRAM[11][12], PCRAM[13][14]

Although our study investigates STT-MRAM based stacks, all eNVM suffer from high
write latency and energy; and hence the algorithm-hardware co-design that we propose is
applicable to similar other platforms. The STT-MRAM model parameters are summarized
in Table 1.1.

The STT-MRAM bitcell consists of one access transistor and one Magnetic Tunnel
Junction (MTJ) where a single bit of information is stored[15]. Typical MTJ stacks com-
prise of an insulator (MgO) which is sandwiched between a ” xed” ferromagnetic layer
(typically CoFeB based) whose magnetic moment is pinned to one direction and a "free”
ferromagnetic layer whose moment changes direction based on applied external current or

magnetic eld. Since MTJ exhibits TMR (Tunneling magnetoresistance)[16], the resis-

3



tance of the stack changes depending on the orientation of the "free” layer, which in turn
stored the data of the bit-cell. When the direction of the magnetic moment inside the free
layer of an MTJ is anti-parallel to the xed layer, the MTJ has high resistance and its state
is de ned as bit "1” [15]. Likewise, when the direction of the magnetic moment in an MTJ

is parallel to the magnetic moment of the xed layer, the MTJ exhibits low resistance and

itis de ned as hit "0".

Figure 1.1: The direction of magnetic moment in free layer changes from (a)anti-parallel to parallel
(b) parallel to anti-parallel to the direction of magnetic moment of xed layer. The arrow in the
free/ xed layer indicates the direction of magnetic moment.

Fig. 1.1 describes how the direction of magnetic moment in the free layer changes
based on the current across the MTJ. Fig. 1.1 shows how the direction of magnetic moment
in the free layer changes from (a) anti-parallel to parallel and (b) parallel to anti-parallel
direction compared to the direction of magnetic moment in xed layer. Since the xed
layer acts as a spin polarizer, the spin polarized electrons that pass the xed layer exerts
the torque on the magnetic moment in the free layer and causes a ip in the direction of
the magnetic moment in xed layer as shown in Fig. 1.1(a). When the current ows from
the xed layer to the free layer as shown in Fig. 1.1(b), the electrons with opposite spin
are re ected back from the xed layer and exerts a torque that changes the direction of the
magnetic moment of the free layer to an anti-parallel direction with respect to the magnetic
moment in the xed layer. The alignment of the magnetic moment in the xed and free

layers determine the resistance across the MTJ. When the magnetic moments in the two



layers are anti-parallel to each other, the resistance across MTJ is high.

Figure 1.2: The STT-MRAM cell schematic of (a) write (b) read operation

Table 1.2: STT-MRAM array parameters as compiled from [5][4][17]

A low resistance is achieved when both the magnetic moments are parallel to each
other. The high/low resistance is mapped to 1/0. The bias conditions applied for the write
and read operations are shown in Fig. 1.2. As shown in Fig. 1.2(a), the write operation is
bi-directional. In case of writing a 1, the bit-line and the source line are set to VDD and
GND and the write current ows from the xed layer to the free layer of the MTJ. The
biasing condition for writing a 0 is the opposite and is shown in Fig. 1.2(a). In case of read
operations, the word-line is asserted to VREAD and the bitline and the source line are set

to VDD and GND. This causes a weak current to ow across the MTJ and the resistance



state is sensed using either a constant current scheme or a BL discharge scheme [18]. Table

1.2 shows STT-MRAM array parameters from the silicon implementation of STT-MRAM.

1.2.2 PostCMOSmemory:FerroelectriccET

We explore FerroFETs as the technology of choice for implementing resistive cross-bar
architectures that can accelerate linear algebraic operations. In particularh&ded Fer-
roelectric FETs (FerroFETS) have recently received great interest for its application in non-
volatile memory (NVM) [19]. It is CMOS compatible and retains ferroelectricity for thin
Ims with thickness around 10nm. By tuning the portion of switched ferroelectric domain,

a FerroFET can exhibit multiple intermediate states, which has been used in neuromorphic
computing [20, 21].

The operation of FerroFET as an multi-valued eNVM storage is different from a tradi-
tional binary memory [19] in that a series of weak pulses are applied to set the device in
a desired state [20, 21]. Various pulse schemes are proposed to tune the state, including
identical pulse schemes[22], pulse-width modulation schemes[23], and pulse-amplitude
modulation schemes [21][24]. For illustration, Fig. 1.3 illustrates the operation with pulse-
amplitude modulation scheme, which is used in this paper. Fig. 1.3(e) shows the applied
pulse waveform. After each pulse, the percentage of switched ferroelectric domains is
modi ed. The device states are shown in Fig. 1.3 (a)-(d). The deyig® ks correspond-
ing to different states are shown in Fig. 1.3 (f), which shows the intermediate states. The
different states could be sensed by applying a read pulsethe corresponding drain-to-
source conductance,pg can be sensed. Fig. 1.3 (g) shows the idegd & a function
of applied pulse numbers. dgincreases/decreases linearly with pulse number during po-
tentiation/depression, respectively. A symmetrical potentiation/depression is necessary for
high accuracy computation. The FerroFET model includes atomistic simulation of domain
dynamics with a drift-diffusion based FET model. The simulation results closely match

the experimental data and is shown in Fig. 1.4 where the different conductance levels are



Figure 1.3: (a) — (d) show different FerroFET states, corresponding to different portions of ferro-
electric domain switching. The yellow arrows indicate the polarization direction. The blue/red cir-
cles represent electron/hole, respectively. (e) shows the applied pulse amplitude modulation scheme.
The states after each pulse are also illustrated. The initial state is assumed to be all polarizations
are pointing toward the gate. (f) shows thglVgs characteristics after each pulse. (g) shows the
measured drain to source conductance as a function of applied pulse humber. Here ideal case is
presented, which shows linear and symmetrical potentiation and depression.

shown as a function of the number of programming pulses.

1.2.3 Challengesvith STT-MRAM andFerroFETbhasedsystem

Magnetic Coupling Across Bit-Cells in STT-MRAM

As STT-MRAM arrays become dense and the cell dimensions become smaller, the mag-
netic eld coupling from ferromagnetic layers of one MTJs affect write and read operation
of its neighboring bits. As shown in [25], scaling MTJ in a densely packed array causes

program errors due to large stray eld coupling. When MTJ scales down and they are



Figure 1.4: (a) simulated FerroFET channel conductance (b)Measured FerroFET channel conduc-
tance (Gs) as a function of pulse number.

densely packed in an array, magnetic coupling of MTJs could become a signi cant prob-
lem since the distance of the ferromagnets, free and xed layer of MTJs, reduces to cause
even stronger magnetic coupling. Therefore, there is an urgent need to identify how mag-
netic coupling affects properties of STT-MRAM and analyze whether magnetic coupling
will pose as a scaling challenge in further scaling of STT-MRAM dimensions.

There is limited prior work on the analysis of magnetic coupling on STT-MRAM arrays.
Observation of Klayin victim MTJ with four neighboring MTJs in technology scaling was
presented by one of the authors in [26]. However, detailed models of magnetic coupling, the
role of technology scaling on stray eld and their effect on the electrical characteristics has
not been discussed. On the other hand, there is ample research that analyzes how static and
dynamic properties of MTJ are affected by technology scaling. [27][28] presents a scaling
roadmap of MTJ that contains trends for thermal stability, switching current dengijty (J
critical switching current (), Resistance-Area product (RA), etc. The effect of technology
scaling on the dynamic properties of MTJs is also well explored; [29],[30] present how
write current(}) and critical current density{s) change with technology nodes. While
scaling MTJ dimension, the authors calibratg tsl maintain a target thermal stability of

the MTJ. [31] presents changes in write current densily) @cross different MTJ types.



Further, [32][33] proposes a scaling trend of anisotropy energy) @idr single and dual
interface MTJs. The authors also present models of thermal stability as a functions of
MTJ dimensions. [34] examined how,Pof a chip, which relates to thermal stability,
changes with technology node. We also explore the case where the xed layer is an anti-
ferromagnet and the magnetic elds are closed. In this case, the free layer nanomagnets

create the magnetic eld which affects the performance and stability of the victim cell.

Retention test Challenges of STT-MRAM Arrays

STT-MRAM arrays are expected to suffer from read and write failures which are induced by
electrical defects and process variations. The role of variations in read and write have been
extensively studied, including prior work by the authors[35]. However, the role of resistive
and capacitive defects and coupling faults is relatively unexplored (except for preliminary
work in [36]). Apart from read and write faults, STT-MRAMSs can also suffer from retention
failures. The non-volatility (or retention characteristics) of the bit can be measured by the
thermal stability factor. [37][38] describe retention failure as a bit- ip in a cell caused by
thermal noise. The thermal activation model of STTMRAM in [37] suggests that a bit ip
has a poisson distribution with time constant & where Ins. Due to this fact,
conventional test methods for retention have very large number of test times and there is a
strong need for implementing a retention test scheme of STT-MRAM arrays that has low

testing latency.

Challenges in FerroFET based In-memory processing architecture

Modern computing systems based on the Von-Neumann architecture rely on a clear dis-
tinction between logic and memory, and processes information by executing a sequence
of precise atomic instructions with periodic uploads to the memory. Such systems are the
foundation of the digital revolution which began with the demonstration of the self-aligned

planar-gate silicon MOSFET in the sixties and was accelerated by rapid advances in transis-



tor technology. However, in the last one decade, the volume of data collected by distributed
sensors and networks has grown exponentially. Ingesting, processing and extracting ac-
tionable intelligence out of this abundant data requires large amount of data traf c between
logic and memory blocks leading to the problem of memory bottleneck. This requires
novel ways of architecting the compute platform. For example, by embedding processing
elements in the memory sub-array itself in so called Processing-In-Memory (PIM) archi-
tectures [39, 40, 41, 42, 43], the traditional Von-Neumann bottleneck can be addressed and
signi cant acceleration and improved power-ef ciency can be achieved.

HfO, based Ferroelectric FETs (FerroFETs) have recently received great interest for
its non von-neumann application in nonvolatile memory (NVM) [19]. Among all of post
CMOS memories, the developments in FerroFET technology is a rather recent occurrence;
thanks to the breakthrough discovery of the underlying physical phenomenon: ferroelec-
tricity in CMOS compatible Hf based binary oxides in 2011 [44][45] [46] a urry of re-
search activities on FerroFETs has ensued worldwide [47] [48][49]. FerroFET are also
the most energy ef cient among all eNVM technologies. This is due to the fact that, in
contrast to the other non-volatile memories which are all current driven, the FerroFETs
relies on electric eld-effect for memory state switching. While non-Von-Neumann ar-
chitectures based on other emerging eNVM technologies are being explored in depth [50]
[51][52][53][54], the FerroFET technology provides unique features for adoption in such
emerging architectures and applications.

However, Using FerroFET as a computation device in subarray for in-memory comput-
ing architecture has major challenge. Since the increase in conductance level with respect
to the amplitude of write pulse to the gate of FerroFET is non-linear, the output of ana-
log multiplication(current across FerroFET, the product of conductance and voltage across
FerroFET) contains error. Also, when analog multiplication output is transferred to digital
domain by using Analog to Digital Converter(ADC), quantization errors from ADC will

exacerbate the error. Therefore, in order to implement FerroFET based in-memory com-
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puting architecture, we must quantify the effect of these limitations of FerroFET on system
performance and present the device requirements that enables in-memory computing archi-

tecture.

Challenges of STT-MRAM based system for reinforcement learning on a drone

Over the past decade, there has been considerable success in using Unmanned Aerial Ve-
hicles (UAVs) or drones in varied applications such as reconnaissance, surveying, rescuing
and mapping. Irrespective of the application, navigating autonomously, particularly with
camera based inputs, is one of the key desirable features for small drones, both indoors
and outdoors. In recent years, reinforcement learning (RL) has been extensively explored
for different type of robotic tasks, including drone navigation and collision avoidance. RL,

in spite of its biomimetic approach, is computationally challenging [55][56]. The agent
(drone) needs to collect visual data and train a neural network based model in real-time
[56][57]. For a given velocity of the drone, the corresponding distance traveled between
two frames @kame ), @and the minimum distance between obstacles (a measure of clutter in
the environment), we can calculate the minimum number of frames/second (fps) required
for collision avoidance. Since the drone needs to train on acquired data at least at the same
rate as the fps, the amount of computation that needs to be performed is prohibitively large
for embedded systems that can be mounted on small drones. Further, the emergence of
STT-MRAM [58][59][60] technologies that exhibit high-density and low-standby-power
aims to disrupt the design of embedded systems. In spite of their advantages, STT-MRAM
technologies shows high write latency and energy. This makes them unsuitable for storing
model weights in real-time RL systems such as drones, both in terms of meeting an fps (or,

velocity) requirement and energy target.
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1.3 Key contributions of the research

In the research, we classify the challenges listed above into device, circuit, memory array
and system level.

At the device level, we analyze the magnetic coupling across bit-cells of STT-MRAM
and show whether this challenge prohibits the STT-MRAM memory scaling. First, we
present a model of magnetic eld induced coupling between adjacent bits in an STT-
MRAM array. A comprehensive analysis, across four technology nodes and different MTJ
technologies, has been presented and we have analyzed the role of the magnetic coupling
on electrical performance, both static and dynamic. We conclude that for MTJ technologies
with dense memory bits and lower stored energy, the coupling eld can cause signi cant
change in the average retention time. Data patterns that activate the worst and best case
scenarios have also been explored. Dynamic analysis reveals that critical current densities
are weakly disturbed by the coupling eld. It should be noted that the research explores
ultra-dense memory bit cells with cell sizes which ar&1%and & 2. The state-of-the art
bit-cells are signi cantly larger (3X larger) and effects such as magnetic coupling will be
reduced. However, key observations such as the data pattern dependence of retention, will
remain unchanged and as the technology matures and denser bit-cells are enabled, magnetic
eld induced coupling will play a key role in both design and test.

At the circuit level, we present a comprehensive test methodology that solves the re-
tention test challenges of STT-MRAM arrays. We identify electrical defects and magnetic
coupling induced data pattern dependence on tests for read, write and retention and pro-
pose an MBIST architecture (EMACS) capable of collecting statistical data in an STT-
MRAM subarray to estimate the thermal stability and retention. The proposed MBIST
shows93:75%improvement in test-time compared to a brute-force approach [37] with less
that5% estimation error.

At the memory array level, we analyze the challenges of FerroFET based in-memory
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computing architecture and present a systolic processing-in-memory(PIM) architecture based
on analog FerroFet pseudo-crosspoint arrays with in-situ computation to enable distributed
convex optimization(non-uniform sampling) via least square minimization. The system
demonstrate@1 , 3 improvement in energy ef ciency and compute time compared to

an SRAM based Processing- In-Memory (PIM) architecture.

At the system level, we present a hardware-algorithm frame-work for STT-MRAM
based embedded systems for application to small drones. we present a hardware-algorithm
frame-work for STT-MRAM based embedded systems for application to small drones. We
show that TL followed by RL on the last few layers of a deep CNN provides comparable
performance compared to an E2E RL system, while reducing latency and energy by 79.4%

and 83.45% respectively.

1.4 Dissertation overview

In the next chapters, we rst address the current issues of Spin-Transfer Torque Magnetic
Random Access Memory(STT-MRAM) and multi-bit ferroelectric FET in the device level.
At the circuit level, the research shows how these issues shape the peripheral circuit of
STT-MRAM and ferroelectric FET memory arrays. Lastly, at the system level, the research
leads to the ef cient memory architecture and system design that maximizes the bene ts
of STT-MRAM and ferroelectric FET while mitigating the current limitations of these de-
vices. Lastly, we applies the in/near memory processing system design with STT-MRAM
and ferroelectric FETs to various applications such as reinforcement learning with a drone,
image classi cation with Deep Neural Network and least square minimization for image
reconstruction. we focus on near-memory processing system with STT-MRAM for rein-
forcement learning of a drone and evaluate the system to quantify how much bene ts are
expected in terms of latency, power and energy. we would like to show that near-memory
processing system with non-volatile devices is a key enabler for a real-time learning sys-

tems with stringent power and energy constraints.
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CHAPTER 2
MAGNETIC COUPLING ACROSS BIT-CELLS OF STT-MRAM

In this chapter, we analyze how magnetic coupling affects both static and dynamic proper-
ties of MTJs with in-plane anisotropy,[61] Bulk perpendicular anisotropy[62] and interface
induced perpendicular anisotropy [63] across different technology nodes. In modeling sec-
tion, we present a compact model of MTJs and show the effect of magnetic eld coupling
as a function of MTJ dimensions and spacings. Then the data pattern dependence of mag-
netic coupling is analyzed in& 3 array and the worst case data pattern for each of the
MTJ stacks is discussed. In the analysis section, we present how static propertiep (

are affected by different scenarios of magnetic eld induced coupling.

2.1 Modeling of STT-MRAM and external magnetic eld

2.1.1 MTJ physicaldimensionrmodeling

From [62][64], dimensions of in-plane, bulk and interface-induced perpendicular MTJ are
retrieved. For more details on the three types on MTJs and their relative merits/demerits
and role in the technology development, interested readers are pointed to [65][26][66][67].
in-plane MTJ (IMTJ) is modeled as an elliptical pillar and perpendicular MTJs (PMTJ) are
modeled as cylinders.

Fig. 2.1 illustrates the physical dimensions of in-plane and perpendicular MTJ cells.
In Fig.2.1 t, tsp, and t; represent thickness of free layer, insulating layer and xed layer
respectively. Length of in-plane MTJ is determined by the product of aspect ratio (AR)
and the width of the in-plane MTJ. Since aspect ratio is one of the factors that determines
Hy and thermal stability, its value changes with target thermal stability. In order to observe

how magnetic coupling of MTJ cell array change with respect to technology node, we scale
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Figure 2.1: (a) In-plane MTJ (b) Perpendicular MTJ
Physical dimensions of MTJ cell types. The perpendicular MTJ can be Bulk or Interface perpen-
dicular MTJ

physical dimensions of MTJs. Table2.1 shows physical dimensions at different technology
node. Saturation magnetization remains constant in all the technology nodes. Similar to
aspect ratio in IMTJ, free layer thicknesg (@f Interface PMTJ is also an important design
variable that determines thermal stability. Therefore, AR amadet scaled appropriately to

maintain a constant thermal stability in all the technology nodes. From [62][29], device

parameters of Table 2.1 were chosen.

Table 2.1: Physical dimensions of MTJ in STT-MRAM bit-cells across technology generations

Cell type Dimension Technology node(nm)
Parameter(nm) 22nm | 16nm| 10nm| 7nm
width 50 35 245 | 17.2
length AR*width
IMTJ tf 3
ty 5
tsp 1.2
diameter 40 | 28 | 19.6 | 13.7
s 3
Bulk PMTJ i, =
tsp 1.2
diameter 40 | 28 | 19.6 [ 137
Interface PMT.J t variable dependent on delta
ty 3
tsp 0.9
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2.1.2 ModelingtheH eld

The magnetic eld of a single MTJ is rst modeled to observe the net magnetic eld cou-
pling between adjacent cells. In an STT-MRAM array we consider a cell in the center of a
3 3lattice as the victim cell and the eight neighbors as aggressors. Under the assumption
of uniform magnetization of the the MTJ material, the magnetic dipoles inside MTJs cancel

out and nally the magnetic dipoles on the edges of the MTJ are unpaired.

Figure 2.2: Schematic representation of current loops in the nanomagnet

Magnetic dipoles can be in turn modeled as current loops following[68]. Fig. 2.2shows
how magnetic dipoles inside an MTJ cancels each other's internal current loops [68] .
Hence we model an MTJ as a solenoid which has bound current paths wrapped around
itself to produce the saturation magnetizationsf an MTJ as described in [62].

Since magnetic moment is derived from the volume agofan MTJ M ; = Magnetic moment )

V olume of MTJ
and it is the product of the bound current, the cross sectional area of the MTJ and the num-
ber of coils, the amount of current needed to produce the magnetic eld can be calculated.
The current is expressed @@% tis the thickness of an MTJ layer.
Fig. 2.3 shows the IMTJ and PMTJ with the corresponding solenoid model for evalu-
ating the resultant magnetic eld. The current loop around an MTJ is wrapped around in

a direction that generates the net.Mrinally, we can calculate the magnetic eld at any

speci ¢ point in space by applying the Biot-Savart law [68], as:
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(a) Solenoid modeling of free and xed layer(lof Solenoid modeling of free and xed layer of
IMTJ PMTJ

Figure 2.3: Solenoid representation of current loops in IMTJ and PMTJ to model magnetic eld
around MTJs

Figure 2.4: Finite element representation of biot savart law

ZdT1=

c 3

H(xy;z) = 4|— (2.1)

where, @fis de ned byf dx; dy; dg, which is equal td %1 % Y1 ¥k, Ze1 - 20
from Fig.2.4.

Algorithm. 2 shows the pseudo-code for a discrete nite element representation of Biot-
savart law, which is used to calculate magnetic eld at coordinate (x,y,z). For each segment
in the model, Algorithm. 2 computes dHx,dHy and dHz, x,y,z component§ of#€ and
stores it in an array. After computingy d * for all segments, we can nd the magnetic eld

in X,y,z direction at point (x,y,z) by summing up dHx, dHy and dHz and multiplying by the

17



coef cient ;-

Result: Calculate Hyayfrom MTJs at coordinate (X,y,z)
N = number of points in MTJ model,

Xp[N] = array of x-coordinates of MTJ model;
Yo[N] = array of y-coordinates of MTJ model,

z,[N] = array of z-coordinates of MTJ model,

for k=1; k <N-1; k++ do
r-mag = sqrt((x-¢[K])? + (y-yplK]) *+(z-2[K]) );
dx[K] = Xp[k+1]-Xp[K];
dy[K] = yplk+1]-yp[K];
dz[K] = z,[k+1]-z,[K];
dHx[K] = (dy[k]*(z-zp[K])-dz[K]*(y-y o[K]))/(r-mag};
dHy[K] = (dz[K]*(x-X p[K])-dX[k]*(z-z o[K]))/(r -mag}’;
dHz[K] = (dx[K]*(y-y o[K])-dy[K]*(x-x p[K]))/(r-mag}’;
end

Hx = (I/(4*pi))*sum(dHXx);

Hy = (I/(4*pi))*sum(dHy);

Hz = (1/(4*pi))*sum(dHz);
Algorithm 1: Biot Savart law for nding magnetic eld H at (x,y,z) coordinate

By using Biot-Savart law and nite element method as above, we nd magnetic eld at
a set of coordinates in 3D space and Fig. 2.5 shows the complete magnetic eld modeling
for free layer of IMTJ and PMTJ in space. In Fig. 2.5, The magnetic eld direction between
Fig. 2.5(a) and Fig. 2.5(b), Fig. 2.5(c) and Fig. 2.5(d) are opposite to each other because
direction of bound current into the coil is opposite.

We expect that the magnetic coupling between aggressor cells and a victim cell would
be affected by the distance between the cells 2.1. In order to observe the differdhce in
with respect to distance between cells, we consider two types of MTJ cells: (1) a nominal
cell of size5F  3F and (2) a compact cell size 86 2F. HereF is the half-pitch of
the poly-silicon layer for a given technology node.

Fig. 2.6 shows the nominal and compact cells in array con gurations. The MTJ at the
center of an array in Fig. 2.6 is the victim MTJ and distance labeled in Fig. 2.6 is the center
to center distance between the victim cell and its aggressor neighboring cells. For each cell,

we model the net magnetic eld generated by both the free layer and the xed layers. Then

18



(a) Magnetic eld around IMTJ (b) Magnetic eld around IMTJ

diverging to +y direction diverging to -y direction
(c) Magnetic eld around (d) Magnetic eld around
PMTJ diverging to +z direction PMTJ diverging to -z direction

Figure 2.5: Magnetic eld around IMTJ and PMTJ when current is applied to current loops.(a)
current owing from +y to -y direction (b) current owing from -y to +y direction (c) current owing
from -z to +z direction (d) current owing from +z to -z direction

we calculate the net magnetic eld from each MTJ and compute the total magnetic eld at
the victim node. Although the xed layer has its magnetic moment pointing in a specic
direction, the direction of the magnetic moment in the free layer is data dependent. Hence,

the net eld generated by the neighboring cells on the victim, depends on the over-all data

pattern of the8 3 array. In the next section, we explore the effect of data pattern on the
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(@) (b)

(c) (d)
Technology node(nm)
22nm| 16nm| 10nm| 7nm
normal | 135 96 60 42
compact| 90 64 40 28
normal | 225 160 100 | 70
compact| 135 96 60 42

spacing(nm) cell size

X-spacing

y-spacing

Figure 2.6: (a) IMTJ default cell array (b) IMTJ compact cell array (c) PMTJ normal default array
(d) PMTJ compact cell array

coupling eld on the victim node and determine the worst and best data patterns that can
reduce magnetic coupling. It should be noted that our discussion in this paper is limited
to the nanomagnet. The access transistor in the bit-cell plays an important role in the cell
dynamics[69][70], especially the write properties. The retention properties of the cell are
not disturbed by the access transistor, at least to the rst order. However, the aim of this
paper is to explore the performance and retention behavior of bit-cells with and without

magnetic coupling from the neighboring cells. Hence, we have not considered the role of

the access transistor in our discussions.
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2.2 Role of Magnetic coupling in dense arrays

Figure 2.7: Arrangement of MTJs in& 3 array[71]

a) IMTJ
Figure 2.8: Magne<tic) eld visualization of IMTJ and PMT 3 a@l?glyllas'vﬂl)—‘r]the worst data pat-
tern[71]

Similar to electrical coupling between DRAM cells[72], The data pattern on neigh-
boring STT-MRAM cells can cause magnetic coupling with a cell since data inside a nano-
magnet determines magnetic eld direction. we need to analyze the magnetic eld coupling
and its magnitude in STT-MRAM bitcells. In this section we present modeling of magnetic
coupling effects on 8 3 array and analyze the best case and worst case data patterns
which yields minimum and maximum magnetic coupling on a cell at the center of the ar-

ray. In order to capture the complete magnetic coupling effect from adjacent cells, doing
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analysis with more number of adjacent cells can increase the accuracy of the model. How-
ever, since magnetic eld decreases quadratically with distance, the cells that are farther
away would assert a very weak eld on the victim. Hence, we invoke the near neighbor
interactions only, which is staple in the modeling and simulation of most interacting mag-
netic structures. We increase the accuracy of our model by including the diagonal elements
as opposed to only the four nearest neighbors. Therefore, we use a 9 cell lattice, to explore
how magnetic coupling affects the victim cell's characteristics.

Initial results and observations on the data pattern dependence of magnetic coupling
have been brie y discussed by the authors in [71] The magnetic coupling is measured by
adding magnetic eld vectors from neighboring nanomagnets on the victim cell. Fig. 2.7
shows the arrangements of tBe 3 array of magnets and the gure denotes that victim bit
is located at position [8]. Fig. 2.8 shows the magnetic eld from IMTJ and PMTJ arrays

which saturation magnetization is set to 1.257e6 A/m.

(b) PMTJ
Figur(g)zl.gl:TFgesidual H eld vs. data pattern in IMTJ and PMTJ[71]

2.2.1 Impactof MagneticCouplingon Write andRetention

To visualize the best and worst case data patterns, we represent the information stored in
the3 3array as a 9-bit number where each bit represents the data stored (O for anti-parallel

and 1 for parallel) in th&" bit as shown in Fig. 2.7. Because of this encoding, data patterns
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(a) IMTJ block data pattern (b) PMTJ block data pattern

Figure 2.10: Magnetic coupling induced worst-case data pattern for thermal stability[71]

0 to 255 represent the victim storing a 0 and 256 to 511 represents the victim storing a 1.
Fig. 2.9 show residual magnetic eld strength from all the aggressors for all possible data
arrangements. Residual eld in the direction of the free layer's magnetization enhances
stability and improves retention (thereby degrading writability) while residual elds in the
opposite direction would tend to destabilize the magnet. We note that data pattern [111 000
000] and [011 000 000] are the best and worst case data patterns for thermal stability (or
retention) for IMTJ. For both varieties of PMTJ, best and worst data patterns are [100 000
000] and [000 000 000]. The residual eld is taken at the center of free layer of a victim
cell.

Due to the uni-axial anisotropy in two MTJ types, best and worst case data pattern are
different between in-plane and perpendicular MTJs, i.e. due to their physical structure and
anisotropy. While the magnetization of IMTJ is aligned to the y-axis and magnetization in
PMTJs is aligned to the z-axis. Therefore, the best and worst case data pattern for IMTJ
and PMTJ are different as the vector eld on the victim magnet and its effect on the victim
need to be evaluated.

The worst case patterns for the 3X3 block is shown in Fig. 2.10.
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(a) Best case [000 111 111] (b) Worst case [100 111 111]

(c) Bestcase [011 111 111] (d) Worst case [111 111 111]

Figure 2.11: MTJ best/worst data pattern[71]

2.3 Effect of Magnetic Coupling on Static Characteristics of the Victim Cell

In static analysis, we analyze the effect of magnetic coupling on thermal stability and re-
tention of a victim cell i.e., the cell at the center of the 3x3 STT-MRAM array. Analysis is
conducted on in-plane (IMTJ), Bulk and interface-induced perpendicular MTJs (CPMTJ,
IPMTJ). By varying the technology nodes (22/16/10/7nm), we observe how change in
physical dimension of an MTJ and the distance between MTJ in3 array impact

the magnetic coupling and its effect onand retention. Also, effect of cell size (nom-
inalcompact) and bestworst data patterns on magnetic coupling in each MTJ types is stud-
ied. In order to gauge how magnetic coupling causes variation with respectie set
nominal of MTJs to be 20,40 and 60. These three types of MTJs represent trade-offs

between non-volatility and lower write power [73]. In short, we analyze;

1) Which type of MTJ is affected the most from magnetic coupling in terms of of ther-

mal stability and retention.

2) The effect of magnetic couping on thermal stability and retention with respect to
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changes in;
a) target thermal stability € 20 ;40;60)
b) technology scaling (22 /16 /10 /7 nm)
c¢) nominal and compact cell sizes (15\. 6 F?)

d) best/worst data pattern

Based on M (1.257e6 A/m) and physical dimension of MTJs discussed in Table. 2.1,
we modify other parameters of MTJs to set nominabf MTJ to be 20,40 and 60. Since

is de ned as [74]
KoV _ HMgV
keT  2kgT

(2.2)

we vary H to achieve nominal . However, since His a property which is related to AR,

Kyandtin IMTJ, CPTMJ and IPTMJ according to Egn.s 2.3, 2.4 and 2.5

AM (t(AR 1)
IMTI H, =2 2.3
k =2( WAR ) (2.3)
[64]
2K
BukPMTIJH = —2 4Mg (2.4)
S
[74]
. 4M 2t
Interfacial PMTI K = ts ° 4N pzMs (2.5)
stf
[29]

t. from equation(5) is critical thickness of CoFeB layerp/Ns z-axis dependent de-
magnetizing factor. Since AR anddoth affect H and volume of MTJ, they are determined
through iterations betweenddnd Eqgn.s 2.3, 2.5 and 2.2. AR, ,Kand t parameters for

different nominal in technology nodes are de ned in Table. 2.2
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Table 2.2: Design parameters for maintaining a target

Cell type Variable Technology node(nm)
properties | @85C| 22 16 10 7
20 | 1147 1.21 | 1.3 | 1.425
IMTJ Aspect Ratiof 40 | 1.293|1.421| 1.6 | 1.853
60 1.44 | 1.628| 1.895| 2.28
20 | 0.909| 0.936| 0.992| 1.106
Bulk PMTJ | K, (1CPJ/m?) | 40 [ 0.935] 0.989] 1.101]| 1.329
60 | 0.961| 1.043| 1.21 | 1.553
20 | 1.485|1.471|1.441| 1.379
Interface PMTJ|  t; (nm) 40 | 1.471|1.442| 1.382| 1.258
60 | 1.457| 1.413| 1.323| 1.137

2.3.1 Effectof MagneticCouplingon Thermalstability

The effect of magnetic eld on the stored magnetic energy in an MTJ can be modeled

as [64]

— — Hstra
(H)=( H=0@ )

This shows that an external magnetic eld (normalized Qy &t the free layer of victim
cell can cause variation in of MTJ. We model the magnetic eld from neighboring cells

and the vector eld, (K is calculated and it is applied to the victim cell as shown in

Egn. (2.6).

in-plane MTJ

Fig.2.12 represents the variation ofin an IMTJ due to K,y with respect to technology
node, cell size and data pattern for target 20/40/60. Dotted line in the gure represents
target . The data patterns in MTJ array that yield the H parallel and anti-parallel to
magnetization of victim cell are labeled as best and worst in the gure. The labels hominal
and compact indicate the nominal and compact cell sizes as de ned in earlier sections.
The common trend in variation in Fig. 2.12 is that the variation is decreasing as we

decrease technology node. This phenomenon is expected because as we decrease technol-
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(a) Variation in  with (b) Variation in  with
nominal =20 nominal =40

(c) Variation in  with (d) Maximum Variation in
nominal =60

Figure 2.12: Variation of in IMTJ with respect to technology nodes, data patterns and cell array
con guration (a) Variation with nominal = 20 (b) Variation with nominal = 40 (c) Variation
with nominal = 60 (d) Maximum variation of across combinations of data pattern and cell
array con guration in technology node.

ogy node, the volume of MTJ is decreasing and it causés decrease ( 2.2). In order to
maintain target across all technology nodes, we can either adjustiMH,. In this analy-

sis, we xed M to be constant for all technology nodes, as it is a material property. We tune
geometric parameters of the bit cell to achieve a targetténce, with technology scaling,

the magnetic coupling does increase, but surprisingly we note that a stronger cell anisotropy
(owing to increased g}, results in an effective decrease ofykJ/Hx. Fig. 2.13 shows the
variation oij—tl’(""y across technology nodeg.,%ay IS positive when K,y is aligned with

Mg and negative when it is anti-parallel tosMAs we can see'jj;f‘y is decreasing as tech-

nology scales. The second trend that we observe from Fig. 2.12(d) is that the maximum

variation(%) across data pattern and cell size decreases as tachanges from 20 to 60.
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This is due to increasing in s target increases. With same J\ithe only variable to

tune of a MTJ to target is Hy. Therefore, K increases as target increases. As we

(@) Variation in Hsgray/Hy (b) Variation in Hsyray/Hk
nominal =20 nominal =40
(c) Variation in Hsyray/Hk (d) Maximum Variation inHj#Lay

nominal =60

Figure 2.13: Variation of Hyay/Hk in IMTJ with respect to technology nodes, data patterns and
cell array con guration (a) Variation with nominal = 20 (b) Variation with nominal =40 (c)
Variation with nominal = 60 (d) Maximum variation of kia/Hyx across combinations of data
pattern and cell array con guration in technology node.

discussed in section Ill, best data pattern, which causes maximyupitidirection of M,
boosts and the worst data pattern that causes maximuygpa th the opposite direction

of Mg degrades . When it couples with cell size, it yields maximum variation of 85%
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between a compact cell with best data pattern and a compact cell with worst data pattern
whentarget = 20 in 22nm based on 2.12(d). On the other hand, at targ&0 in 7nm,

the maximum variation between compact cell with best and worst data pattern is 8.6%. By
comparing results from nominal and compact cell sizes with same data pattern, we observe

a 3% variation at the 22nm node.

Bulk perpendicular MTJ

Fig.2.14 exhibits variation in CPMTJ. From the gure, CPMTJ also presents a decreas-
ing trend of variation as technology scales down and targehcreases. However, the
maximum variation in CPMTJ is less than maximum variation of IMTJ. From Fig. 2.9, we
observe that magnitude ofsd, from perpendicular MTJ is less than in-plane MTJ due to
the geometry of MTJ types and the direction of fdr the same magnitude of M This
result explains WhyH,j;fy across all technology node in PMTJ is less than that that of IMTJ
as shown in Fig. 2.15 . As a result, we conclude that theariation in PMTJ is less than
that of IMTJ.

However, for CPMTJ the variation in nominal and compact cell sizes is different from
the variation in IMTJ for different cell sizes. Between different cell sizes, maximum
variation is 2% in 22nm at target= 20 . From Biot-Savart law (Eqn. 2.4), magnetic
eld at a point is stronger when distance between a point and the current loop is closer.
Therefore, in compact cells, each MTJs exerts moggyHn the victim cell. Since M
direction in IMTJ is in y-direction in 3 by 3 array, the sum of, from neighboring cell
at victim cell is larger when MTJs are compact. In the case of PMTJ, the sunggf H
from neighboring MTJs on the victim cell decreases because the directiog af MITJs
is in the z-direction. When distance between neighboring and victim MTJs is too close, the
direction of Hy,y from neighboring cell deviate signi cantly, which results in lesg4lin

the direction of M on victim cell.
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(a) Variation in  with (b) Variation in  with
nominal =20 nominal =40

(c) Variation in  with (d) Maximum Variation in
nominal =60

Figure 2.14: Variation of in CPMTJ with respect to technology nodes, data patterns and cell
array con guration (a) Variation with nominal = 20 (b) Variation with nominal = 40 (c)
Variation with nominal = 60 (d) Maximum variation of across combinations of data pattern
and cell array con guration in technology node.

Interface-induced perpendicular MTJ

Fig.2.17 shows hoﬂj‘—?’ changes across technology nodes, target different cell sizes

and data patterns. Fig. 2.16 shows how much variation it caused iThe effect of
magnetic coupling on the of IPMTJ is similar to that of CPMTJ. The only difference
between IPMTJ and CPMTJ in terms of variation is the magnitude of variation. The
reason for this difference lies in the relationship between Eqn.( 2.2) and ( 2.5). For IMTJ
and CPMTJ, as technology node scalesiHncreased to compensate the loss inaused

by decreasing volume of MTJ. In IPMTJ, decreasing volume automatically increases H

because decreasingricreases K Therefore, |in IPMTJ is smaller than Hin IMTJ and
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(@) Variation in Hsgray/Hy (b) Variation in Hsgray/Hy

nominal =20 nominal =40
(c) Variation in Hsgray/Hyk (d) Maximum Variation in'%‘fy

nominal =60

Figure 2.15: Variation of Hyay/Hk in CPMTJ with respect to technology nodes, data patterns and
cell array con guration (a) Variation with nominal = 20 (b) Variation with nominal = 40 (c)
Variation with nominal = 60 (d) Maximum variation of ka/Hk across combinations of data
pattern and cell array con guration in technology node.

H stray

CPMTJ. It results in large variation i and

Comparison of the Effect of Magnetic Coupling oracross MTJ types

Fig. 2.18 summarizes the maximumvariation for IMTJ, CPMTJ and IPMTJ across target
and technology nodes. As we discussed aboveariation due to magnetic coupling is
in the order: IPMTJ, IMTJ and CPMTJ. The conclusion from thermal stability analysis is

that the variation will not become a big problem as technology node decreases, which is
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(a) Variation in  with (b) Variation in  with
nominal =20 nominal =40

(c) Variation in  with (d) Maximum Variation in
nominal =60

Figure 2.16: Variation of in IPMTJ with respect to technology nodes, data patterns and cell array
con guration (a) Variation with nominal = 20 (b) Variation with nominal = 40 (c) Variation

with nominal = 60 (d) Maximum variation of across combinations of data pattern and cell
array con guration in technology node.

counter intuitive. From intuition, we expect that magnetic coupling will become a severe
problem as technology node scales because STT-MRAM array will become denser. How-
ever, if we allow for scaling laws and adjus Hs technology node decreases, the effect of
magnetic coupling on thermal stability diminishes, since the the stray eld is is normalized

by Hy. For the same reason, magnetic coupling has minimal effect wh&® since H

is higher than the Hof MTJs with lower target .
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(@) Variation in Hsgray/Hy (b) Variation in Hsgray/Hk

nominal = 20 nominal =40
(c) Variation in Hsgray/Hy (d) Maximum Variation in'%‘fy

nominal =60

Figure 2.17: Variation of Hyay/Hy in CPMTJ with respect to technology nodes, data patterns and
cell array con guration (a) Variation with nominal = 20 (b) Variation with nominal = 40 (c)
Variation with nominal = 60 (d) Maximum variation of kka/Hk across combinations of data
pattern and cell array con guration in technology node.

2.3.2 Effectof MagneticCouplingon RetentionTime

The average retention time)(of MTJ is exponentially dependent on the[64]

KuV
kg T

)= oexp() (2.7)

0eXp(
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