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ABSTRACT

MULTIPHYSICS MODELING OF GesShoTes; BASED
SYNAPTIC DEVICES FOR BRAIN INSPIRED
COMPUTING

Yigit Demirag
M.S. in Electrical and Electronics Engineering
Advisor: Ekmel Ozbay
Co-Advisor: Bayram Biitiin
July 2018

Modeling nanoscale devices that emulate the functionality of synapses of the
biological brain is a fundamental operation for developing brain-inspired compu-
tational systems. Phase-change material based synaptic devices offer promising
performance in speed, spatial and power efficiency metrics, up to human brain
level, when connected in a massively parallel crossbar array architecture. In
this work, we modeled electrothermal characteristics of a single synaptic device
consisting of phase-change material based memory and its selector. First, we
proposed a finite element method based simulation framework for modeling elec-
trical, thermal and probabilistic crystallization dynamics of the memory unit.
Gradual phase transitions that form device memory between amorphous and
crystalline states are studied under nanosecond voltage pulses. Second, we im-
plemented time and temperature dependent resistance drift saturation model for
phase-change material based selector device. Our model is in close agreement
with the ultrafast saturation phenomena which is observed for the first time in

fabricated devices with 8 nm node technology.

Keywords: Phase change memory, device modeling, synaptic device, neuromor-
phic computing, GST, multiphysics.
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OZET

BEYINDEN ESINLENEN HESAPLAMALAR IGIN
GepShyTes TABANLI SINAPTIK CIHAZLARIN
MULTIFIZIK MODELLENMESI

Yigit Demirag
Elektrik ve Elektronik Miithendisligi, Yiiksek Lisans
Tez Damsmani: Ekmel Ozbay
Ikinci Tez Danismani: Bayram Biitiin
Temmuz 2018

Beynin yapisindaki sinapslar1 taklit etmek icin tiretilen nano boyutlardaki ciha-
zlarin modellenmesi, insan beyninden ilham alan hesaplama sistemlerinin geligtir-
ilmesinde temel bir rol oynamaktadir. Faz-degisim malzemesi kullanan bu sinap-
tik aygitlar, krosbar mimarisi ile paralel olarak baglandiginda, insan beyni ile hiz,
enerji ve kapladigi hacim bakimindan kiyaslanabilir bir performans gostermekte-
dir. Bu caligmada ise faz-degigsim malzemesi kullanilarak iiretilen seri baglanmig
hafiza ve segiciden olusan tek bir sinaptik aygitin, elektrotermal 6zellikleri model-
lenmigtir. Calismanin ilk kisminda, sonlu element yontemi tabanli bir similasyon
yapist sunulmus, sinaptik cihazin hafiza kisminin elektriksel, 1si1l ve olasiliksal
faz-degisim dinamikleri modellenmigtir. Ek olarak, hafiza kodlanmasini saglayan
amorf ve kristal hallerinin arasindaki kademeli gecigin nano saniye uzunlugundaki
voltaj vuruslariyla yapilabildigi gosterilmistir. Ikinci kisimda, sinaptik cihazin
secici kisminin zamanla elektriksel iletkenliginin degisimi ve doyumu, sicaklik ve
zamana bagl olarak modellenmigtir. Geligtirdigimiz model, 8 nm teknolojisi ile
tiretilmis cihazlarda ilk defa gozlemlenen, ¢ok hizli olusan elektriksel iletkenlik

degisiminin doyumu ile yakin uyum gostermistir.

Anahtar sozciikler: Faz-degisim hafizasi, aygit modellemesi, sinaptik aygit, néro-
morfik hesaplama, GST, multifizik.
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Chapter 1

Introduction

The computational ability of biological brain is outstanding. A human brain is a
1.5-kilogram mass that can learn, reason and conceive the universe and abstract
ideas. Much progress towards building a similar information processor has been
made using brain-inspired artificial neural networks (ANNs) [1]. These ANNs
have nearly reached or surpassed human-level performance in various domains e.g.
image recognition [2,3], speech recognition [4,5], natural language understanding
[6] and even domains requiring the challenging competition such as game of Go
[7,8] and classical Atari 2600 games [9].

Evidence shows that increasing the number of parameters in ANNs (analogous
to increasing the number of synapses) leads to predictively better performances
in a wide range of tasks [10]. To cope with larger neural network models, more
computation power is needed. The trend shows that the amount of computation
used in ANN training has been increasing exponentially as shown in Fig.
Despite the exponential trend, the amount of parameters (synapses) in the hu-
man brain is ~ 10'°, which is 7 order of magnitude higher than the number of
parameters in currently the largest neural network [11]. If the aim is to achieve
a similar model capacity of the human brain, we require at least 4-5 orders of

magnitude improvement in computational power.
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Figure 1.1: The required amount of computation to train some well known neural

network models i

The conventional computing is based on von Neumann architecture [13], and
radically different than architecture and working principles of a biological brain.
The biological brain combines information processing and storage in a massively
parallel, three-dimensionally organized, fault and variation tolerant architecture.
On the other hand, von Neumann architecture separates processing and stor-
age and is optimized for well-defined, logic-based information processing. Any
problem can be represented via different layers of abstraction build upon logic
gates, but this reduces the efficiency through each layer of computation. Hence
scaling hardware architecture which is fundamentally misaligned with the type

of computation that artificial neural networks require, is an insufficient solution.

Recently, companies such as Google, IBM and NVIDIA put serious research
effort to optimize their hardware running neural networks, by designing specific
TPUs , ASICs , FPGAs or GPUs that rely on conventional
CMOS-technology. Beside this efforts, the field of neuromorphic computing has



been actively searching the most optimized hardware candidates inspired directly
by the operation principles, algorithms, and architectures of the biological brain.
In this thesis, the focus is the modeling of a hardware representation of the most

abundant computational element of the biological brain, a synapse.

1.1 Computational Memory

Synapses are < 50 nm structures that permit a neuron to pass an electrical or
chemical signal to another neuron. Being at the intersection of neurons, synapses
can change the strength of connection depending on the timing of pre/post spikes
and neuro-modulators, which is known as synaptic plasticity [18]. This mecha-

nism is believed to underlie learning and memory of biological brain [19].

Nanoscale synaptic devices can store information on the history of electrical
current passed through them in their resistance states [20,21]. The opportunity
to be able to tune their conductance with short pulses makes them analogous to

synapses in the biological brain.

To connect synaptic devices in a massively parallel way, crossbar array ar-
chitecture, which is similar to grid-like connectivity of brain fibers is generally
used [22]. Fig. is an illustration of a crossbar architecture and Fig. demon-
strates SEM image of a fabricated crossbar array which contains one memory and

one selector device at junctions, fabricated with 90 nm CMOS technology [23].
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Figure 1.2: An illustration of crossbar array architecture containing synaptic
memory cells at the junctions.
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Figure 1.3: SEM cross section of combination of Ovonic Memory Switching
(OMS) and Ovonic Threshold Switching (OTS) device and one floor crossbar
array fully integrated with CMOS technology. Taken from .

Crossbar array technology with synaptic devices unveils a unique opportunity
for ANN hardware to scale massively. It is previously reported that 4 bit per
synapse is achievable [24,25] and high synaptic density, 10'* synapse/cm?, is
possible to obtain by 100 nm pitch size, which is readily achievable by current
lithographic techniques . Owing to massively parallel crossbar array archi-
tecture and ultrafast READ/WRITE operations of synaptic devices, acceleration
factors ranging from 20 — 2000 compared to conventional CPU/GPU based ap-
proaches are reported in neural network training [27430]. Recently, Gokmen et al.

4



Table 1.1: Desirable performance metrics for synaptic devices [37].

Performance Metrics Targets
Device dimensions <20 nmx20 nm
Energy consumption <10 fJ
Operating speed/Programming time <1 ms
Multi-level states 20-100
Dynamic range >4

Retention ~10 years

achieved 30000 times acceleration and 84000 GigaOps/s/W power efficiency for
training a larger ANN model which have 1 billion weights, using crossbar array

of synaptic devices [31].

To achieve much further computational performance up to human brain scale
parallelism, speed and power efficiency, Kuzum et al., proposed a set of desirable
metrics for an ideal synaptic device to meet, which are shown at Table [I.1] Per-
formance metrics listed in Table has become achievable by exploiting different
physical mechanisms leading to memory formation in nanoscale devices. Among

these:

Phase change devices [32]

Resistive memory [33]

Conductive bridge devices [34]

Ferroelectric based devices 35, 36|

have been selected as good synaptic device candidates that offer promising fea-
tures [37]. In this thesis, phase change material based synaptic devices are studied
due to their outstanding performances in reliability, dynamic range, programming

speed and multi-level programmable states [37].



1.2 Phase-Change Memory Technology

1.2.1 Concept

Phase-Change Memory (PCM) is a non-volatile memory (NVM) technology, ex-
ploiting the unique properties of chalcogenide materials |38]. The reports for
special switching and information storage behavior of PCM date back to 1970s
[39,/40]. The field matured with the discovery of novel chalcogenide alloys like
GeySbeTes (GST) which offers several advantages such as reliability, endurance,

speed and multiple programming resistance levels.

1.2.2 Basic characteristics of PCM

PCM technology is based on a PCM material (usually GesSheTes) sandwiched
between two electrodes to form a typical memory unit, called mushroom cell (see
Fig. [1.4). PCM utilizes large resistivity contrast between high resistive amor-
phous and low resistive crystalline phases. The ratio between fully amorphous
and full crystalline states can be as large as three orders of magnitude, and
gradual conductance transition between these states are experimentally demon-
strated [25,32,37].
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Bottom Electrode

Figure 1.4: A typical mushroom cell synaptic device consists of GST sandwiched
between two electrode layers.

The operating principle of PCM based synaptic device is simple. Short elec-
trical pulses that are applied to the top electrode draw large current through the
heater and increases the local temperature inside GST, via Joule heating. By con-
trolling electrical pulse amplitude and duration, the temperature can be precisely

adjusted; hence crystalline/amorphous volume ratio of GST can be programmed.

1.2.3 READ and WRITE Operations

The programming electrical conductivity of memory cell is performed through
controlling temperature distribution of PCM. Fig. demonstrates two different
temperature regions which are targeted by applied short electrical pulses to tune

crystalline and amorphous ratio of the device gradually.
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Figure 1.5: The working principle of PCM based synaptic device, with applied
nanosecond voltage pulses.

The WRITE and READ operations can be summarized as follows:

1. RESET Operation:

To RESET PCM into high resistive amorphous phase, a large voltage pulse
(3-4 V) is applied for a short duration (~50-100 ns). This operation in-
creases the temperature of a specific region in PCM volume above the melt-
ing point. When the melted region is exposed to rapid cooling process,
atomic structure freezes in high resistive amorphous phase. By increasing
RESET voltage value, its duration, or applying consequent RESET pulse

trains, the volume of melted PCM region can be gradually tuned.

2. SET Operation: To SET PCM into a low resistive crystalline state, the

temperature level of PCM should be kept in crystallization region for some



period long enough to proceed crystallization process. This can be achieved
either by applying medium amplitude voltage for a long period or by first
RESET the cell then slowly decrease the temperature.

3. READ Operation: To READ electrical resistivity level of PCM, a small
voltage pulse (~ 0.2 V) is applied such that phase stability of the device is
not disturbed.

1.3 Thesis Goal

The goal of this thesis is to model temperature dependent electrical characteristics
of a single synaptic device, which consists of a mushroom type memory cell and

a selector device located at each junction of crossbar array.

1. Comprehensive thermoelectric model with crystallization
dynamics: The memory function of the synaptic cell is based on phase state of
PCM, which is controlled by heat generation induced by applied short electrical
pulses. We propose a complete FEM-based simulation framework, build upon
recently developed thermoelectrical characteristics and phase change dynamics

of nanoscale PCM devices.

The integrity of the simulation framework and proposed thermoelectrical and
phase change models will be validated on experimental results published in the
literature. Therefore one goal of the thesis is to develop a proof-of-concept simu-
lation framework in which thermal, electrical and phase change dynamics interact
to represent nanoscale device characteristics accurately. The simulation method
and selected physical models combined provides numerous insights into the op-

eration of the PCM based synaptic device in nanoscale time and space resolution.



2. Simulating resistivity drift with the saturation of selector device:
To realize large-scale, densely connected crossbar arrays of non-volatile memory,
a selector element is required to be serially connected with a memory cell. One
of the promising selector candidates is Ovonic Threshold Switch (OTS). The
problem with OTS is that its resistivity, therefore threshold voltage changes with
time. We propose an extension for previously introduced time and temperature
dependent resistance drift model for PCM, such that saturation time of drift

phenomena can be predicted for OTS selector.

The proposed drift saturation model will be validated with OTS selectors fab-
ricated with 8 nm technology node. Therefore, the second goal of the thesis is
to design a novel drift saturation model which can accurately predict the drift
saturation time of fabricated selectors. Investigated OTS selector devices will be

integrated into next-generation PCM crossbar technology.
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Chapter 2

Thermoelectrical Simulation of
PCM Based Synaptic Device

2.1 Device Modeling Techniques

Semiconductor-based devices form building blocks of today’s electronics market.
With the ever-increasing demand for smaller, faster and lower power requiring
devices, the constant search for better semiconductor-based devices became an
industry norm. Due to necessary rapid research and development iteration, re-
searchers have shown significant interest in device modeling in the past decades.
In the optimization process of design parameters such as material properties, de-
vice geometry and aging of such intricate semiconductor-based devices, device

modeling and simulations play an essential role.

Device modeling is, in essence, representing the equations governing fundamen-
tal physical rules of operating device, in a closed form expression. The solution of
formulated equations, if there exist, gives grounded insights on not always mea-
surable device states (electric field distribution, temperature distribution, stress,
etc.). On the other hand, the complexity of finding solutions increases with the

modeling detail and intrinsic non-linear nature of the device.

11



2.1.1 Numerical Techniques

To solve set of equations governing physical properties of a system, the general
approach is to employ numerical techniques. Solutions obtained with numerical
techniques may deviate from analytical calculations. However, they are favorable
when the error of approximation is small and computation time is shorter, which

are usually the case in device modeling.

In semiconductor device modeling, physical equations mostly are in the form
of partial differential equations with well-defined boundary conditions. The most
common numerical technique to solve these equations is discretizing the equation
and representing it in a finite-dimensional subspace using approaches such as finite
difference method and finite element method. The numerical accuracy of these
methods depends on the nature of the problem, discretization scheme employed

and the numerical algorithm used.

2.1.2 Finite-Difference Method

Finite-difference method (FDM) replaces the partial continues derivatives by ap-
proximations obtained by local Taylor expansions near the point of interests. The
point of interests are the nodes of a finite discrete space-time grid. Each node can
be described as an approximation or an initial conditions, and edges correspond
to boundary conditions. By representing a discrete finite-difference model of the
problem, FDM provides a large set of algebraic equations that can be easier to

solve using computational power.

2.1.3 Finite Element Method

Finite element method (FEM) is a similar method to finite-difference method ex-
cept it is more powerful at studying complex device geometries. Instead of using

a regular space-time grid, FEM divides the device geometry into non-overlapping

12



substructures called finite-elements or domains. The topology of each finite-
element is defined by meshes such as linear-triangular, quadratic, triangular, lin-
ear tetrahedral. Neighbor finite elements connect each other with several nodes.
Each dependent variable (temperature, voltage, etc.) is present in all nodes.
With this spatial discretization step, it is assumed that each element has simpler
analytical forms of continues PDEs which can be solved with numerical methods.
The solutions to these equations are an approximation of the real solution of
PDEs.

The solution time and memory requirement of FEM simulations scale with
the multiplication of number of nodes and number of dependent variables, which
is called degrees of freedom (DOF). DOF can be very large (on the order of
107 — 10®) if a semiconductor device geometry is modeled with sufficient mesh
size in 3D. Therefore it is a simulation engineer’s aim to optimize the number of
dependent variables, mesh size/type and device dimensions to obtain the most

physically accurate results using minimum DOF.

In this thesis, COMSOL Multiphysics® FEM solver software is used to model
the physical properties of the device and to solve physics-based partial differential
equations by finite element method. Owing to multiphysics simulation feature of

COMSOL, separately declared electrical and thermal device properties, interact

under Joule heating, as explained in [COMSOL Implementation|

2.2 Thermoelectrical Modeling with Structural

Dynamics

To gain a clear understanding of any emerging exotic technology, it is necessary
to obtain a grounded representation of physical dynamics governing the device
operations. In a PCM based synaptic device, prominent physical dynamics are
electrical, thermal and molecular structure dynamics that are intricately inter-

acting with each other during device operation. Thus, developing a complete

13



simulation infrastructure for PCM based synaptic devices provides an opportu-
nity to observe complex physical interactions on nanoscale time/space, which are

not always easy to foresee or to be measured.

As PCM based synaptic device dimensions shrink to meet higher density re-
quirements of crossbar arrays, the fabricated synapse dimensions dropped to be-
low 100 nm in recent years [41,42]. Given this aggressive scaling trend and com-
plex thermoelectrical and molecular structure dependent device state; achieving
promised device characteristics via optimizing the process flow becomes another
significant challenge. Detailed modeling of a synaptic device, can save tremen-
dous amount of money and time by reducing the number of fabrication iterations
required to understand working principles of such devices. Additionally, device
modeling offers profound insight to nanoscale device properties (electric field and
temperature distribution, crystallization probabilities, etc.) which are impossible

to be measured.

Based upon motivations listed above, several phase change material based
synaptic device simulations have been recently proposed in the literature. The
first type simulations have considered SPICE modeling to obtain IV curves of
PCM based synaptic devices. Some researchers developed SPICE models consist-
ing of temperature sensing and storage sub-circuits to change device resistivity
between two discrete SET and RESET levels, using a calculation of device tem-
perature based on input current [43,44]. A more advanced model is proposed by
Li et al., which provides continues resistivity transition between SET and RE-
SET states using temperature dependent electrical conductivity of a constant size

amorphous volume [45].

While SPICE models provide faster simulation time and more advanced circuit
simulation interface compared to FEM, by operating at too high abstraction level,
they lack sufficiently detailed information of the device. If the aim of simulation is
to understand the complex interaction between electrical transportation, thermal
behavior, structural dynamics and device geometry; SPICE simulations are not

practical due to following reasons:
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1. Any spatially dependent material property is overly simplified. For exam-
ple, SPICE models calculate a homogenous temperature distribution for a
PCM based synaptic device. However, the temperature difference of two
points inside PCM can be as high as 700 K.

2. SPICE models hyper-parameters should be tuned whenever device geome-

try (hotspot radius, bottom electrode thickness, etc.) changes.

First FEM simulations of PCM based synaptic devices solely focused on tem-
perature distributions caused by Joule heating inside mushroom-type device ge-
ometry. Yin et al. demonstrated that decreasing electrical conductivity of crystal
region due to nitrogen doping, increases Igxgsgr, however, assumes no electrical or
thermal material property dependence of temperature and simulated only fully
crystal configuration [46]. Kuzum et al. reported tunability of the amorphous
region and temperature distribution of initially fully SET device after applying
different RESET voltage pulses [32]. More improved thermoelectrical simulation
is proposed by Le Gallo et al., utilizing an electrical transportation model follow-
ing Poole-Frenkel effect, thermoelectrical Seebeck and Peltier effects and thermal
boundary resistances [47]. They successfully proposed thermally activated thresh-
old switching mechanism; nevertheless, proposed simulation is designed only for

simulating RESET operations.

SET operation of the synaptic device, unlike RESET operation, is a stochas-
tic process [48,149]. Hence supporting SET operation in FEM/FDM simulation
requires implementation of probability assignment of nucleation and following
crystal growth mechanisms. Kim et al. and Cinar et al. implemented Classical
Nucleation Theory based SET model into FDM simulation to study temporal
and spatial characteristics of switching operations and phase transitions [50].
However, this simulation ignored field dependence of electrical conductivity of
amorphous PCM, which has been reported as primary electrical transportation
below switching region due to prominent Poole-Frenkel effect [3947,51,52]. Be-
sides, thermal boundary resistances (TBR) and temperature dependent thermal

conductivity of materials that have significant effects on thermal device property

15



was not included in the report [53]. Reifenberg et al. proposed a similar simula-
tion model with TBR support however ignored any field-temperature dependent
material property and violated non-dimensionalization of transient heat transfer
requirement of FEM by simulating a material with high thermal conductivity
using too coarse mesh size with too small time steps [54]. Recently, Cinar et al.
reported programmable intermediate resistance levels on a PCM based synap-
tic device on FEM simulation, but employed temperature and field independent

material properties and neglected TBR effects [55].

In this thesis, a comprehensive thermoelectrical finite element model simula-
tion is proposed. Unlike previous work, our simulation infrastructure supports
both gradual RESET and SET operations, includes field and temperature depen-
dent material properties and thermal boundary resistances to capture internal

dynamics of a PCM based synaptic device closely.

2.2.1 Multiphysics Models of Phase Change Materials

In this section, we provide a detailed list of electrical, thermal and phase change
properties of PCM. These material properties have been accepted to capture

physical dynamics of PCM and implemented in our simulation framework.

2.2.1.1 Electrical Model

The programming (SET and RESET) and reading (READ) operations of the
synaptic device are initiated with applied nanosecond wide voltage pulses to top
electrode of the device. The current passes through device mostly dependent on
the electrical conductivity of phase change material and electrodes. Electrodes
practically have constant electrical conductivities, on the other hand, the elec-
trical conductivity of phase change material is highly dependent on temperature
and electric field.
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Amorphous materials follow exponential current-voltage dependent (o o
exp(aV''/2)) Poole-Frenkel conductivity model [56]. The Poole-Frenkel effect sug-
gests that thermal excitation and strong electric field release trapped carriers from
ionizable defect centers which are believed to create Coulomb potential well in
highly disordered amorphous materials [56},57]. Amorphous conductivity domi-
nated RESET state of phase change materials is also shown to be following this
conduction mechanism in subthreshold region [39,51]. Recently, Le Gallo et al.
proposed an extended version of Poole-Frenkel effect based subthreshold conduc-
tion mechanism for chalcogenide materials and validated it against a wide range
of ambient temperatures and applied potentials [52]. The proposed conduction

mechanism is given below:

The Poole-Frenkel effect suggests that the ionization energy barrier is lowered

between ionizable defect centers by a factor of SF/2. 3 is Poole-Frenkel constant

and defined as:

62

where e is electric charge, ¢, is vacuum dielectric constant and e, is relative
permittivity of material. The potential profile between two Coulombic wells is

considered as:

2 2
5_14_ L )+B_

V(T,Q,F):—eFrcos(H)—4€(r p) Rt

(2.2)

where F'is applied electric field, r = 0 and r = s are trap locations with s defin-
ing inter-trap distance. 6 is the angle between electric field and direction of the
escape, which allows modeling of all possible escape scenarios for trapped charge
carrier. The potential profiles calculated with Eq. between two Coulombic
traps are shown in Figure for two different escape routes # = 7 and 6 = 0.
The Poole-Frenkel effect reduces to potential barrier of escape significantly when

electric field and emission are in the same direction (6 = 0).
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Figure 2.1: The amount of energy barrier may increase or decrease significantly
due to the direction of strong electric field (3 x 108 Vm™1).

The amount of barrier lowering due to Poole-Frenkel effect can be calculated

as:

Epp(F,0) = —maxV(r,0, F), (2.3)

which is approximately 0.25 eV in Fig. [2.] We observed that for low E-
fields, this model estimates the amount of barrier lowering very similar to model
proposed by lelmini et. al (A8 = ¢\/q¢V/7me,u,). On the other hand, in high
E-fields (Fr > (8/eAz)?), this model attains two order of magnitude stronger

barrier lowering [51].

For electrons, in order to calculate the density of free carrier under applied
electric field F', Boltzmann statistics is assumed rather than Fermi-Dirac statis-
tics. To calculate density of free charge carrier emission to complete sphere the

following formula is used:
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n(F,T) = g/o exp (—Ea — ZP;(F’ 9)) 27 sin()d6. (2.4)

In Eq. 2.4 6 is defined as the angle between the applied electric field and
the direction of emission of a trapped electron, K is a free parameter, F, is the
activation energy and Epp is calculated barrier lowering due to Poole-Frenkel
effect. 3D spherical emission of trapped charge carriers is important to capture
experimentally observed Ohmic behavior of the material in the low fields [52}
58]. The activation energy used in Equation is assumed to be changed with
temperature following Varshni Equation (E, = FE, — £T?) since temperature

dependence of optical bandgap is observed in the literature [59].

Once free carrier density is calculated, field and temperature dependent

electrical conductivity of amorphous region of synaptic device is obtained by
o(F,T)=e-u-n(F,T).

2.2.1.2 Thermal Model

For any applied power, temperature distribution changes according to thermal,
electrical and structural state of the synaptic device. Even though electrical input
and outputs are the observables, temperature distribution is the most critical fac-
tor that determines the resistivity state of the device by controlling crystallization
and amorphization processes. In a mushroom shape device topology, the region
where temperature distribution is localized is called the hotspot. The dashed
line in Figure shows the approximate hotspot region where the temperature

reaches its peak value.
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Figure 2.2: Thermal distribution of synaptic device is shown. Temperature is
localized above the heater, which is called hotspot point.

Wiedemann-Franz Law suggests that in metals, charge carriers dominates the
thermal transport, hence thermal conductivity and electrical conductivity show-
ing a first order relationship . Recently, Risk et al., experimentally (see Figure
demonstrated with 3w method that thermal conductivity of both GST and
N-doped GST follow Wiedemann-Franz law [61]. Hence, we assumed both amor-
phous and crystalline phases of GST to follow Wiedemann-Franz law, whereas
electrodes and dielectric material assumed to have constant thermal conductivi-

ties.
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Figure 2.3: Thermal conductivity of various chalcogenide materials [62].

Wiedemann-Franz law is given as follows:

K
—=LT 2.
foir (25)

where x is thermal conductivity, o is electrical conductivity, L is the Lorentz

number, and 7' is the temperature in Kelvin.

2.2.1.3 Crystallization Model

A particularly significant property of phase change materials is crystallization
process that occurs in nanoscale time and volume [63]. Unlike amorphization of
molten phase, crystallization is a complicated process including stochastic nu-
cleation and growth of independent crystalline clusters. The existing theories of
nucleation dynamics are mainly based on JMAK Theory and Classical Nucle-
ation Theory (CNT) [48]/64]. However, for PCM based synaptic devices, JMAK
theory is shown to be inapplicable due to following drawbacks listed by Senkader
et al. [65].
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1. JMAK theory requires uniform and random nucleation process inside GST.
However, it is experimentally shown that nucleation starts at GST inter-
faces. Ohshima and Kashchiev et al. throughly studied the influence of

interface crystallization [66,/67].

2. Contrary to JMAK theory, nucleation rate in PCM has been proved to be
a time-dependent process [68]. The required time period for nucleation to

occur is called incubation time.

One CNT based nucleation and growth mechanism of PCM is proposed by
Senkander et al. [65]. This extended version of CNT, explains the nucleation and

growth mechanism of PCM:

The amount of free energy, AG, required by a formation of a cluster is given

by:

AG = 47r’c — nAg, (2.6)

where ¢ is the interfacial energy density between amorphous and crystalline
phases and r is the radius of the cluster if clusters are assumed to have spherical
shapes. Therefore, number of GST molecules in one cluster can be calculated

with

4 73
= -—T— 2.7
n=gr (27)
where v,, is the volume of GST molecule. The approximation of Ag in Eq

is calculated by Singh et al. for phase change material as:

Tm—T( T
T, T +6T

Ag=AHjy ) Um, (2.8)

where T, is melting temperature and AH; is the enthalpy of fusion at the
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melting point which can be estimated via differential scanning calorimetry exper-
iments |69]. The free energy calculated by Eq increases with the number of

molecules in the cluster up to a certain critical n. given by:

2 3
_ 2ru0

Therefore the critical value of AG can quantify energy barrier for nucleation,

which is:

2 3
_ 1bmv,0

BGe="3"Ag"

(2.10)

From here, steady-state nucleation rate per unit volume of GST can be ap-

proximated by:

AkpT Ag _AG,
I, = ———n23 , 2.11
3y e\ 6mnkpT ©F kT (2.11)

where 7 is temperature dependent viscosity of GST, calculated by 1.94 x

107" exp(2207) kgm™"'s7! [65]. Figure [2.6) shows the time dependence of nu-

cleation, where nucleation starts between 400-600 K, with a peak around 500
K.

23



x 10

I (1/em-s)
(98]
T
|

SS

0 1 1 L L 1
0 100 200 300 400 500 600

Temperature (K)

Figure 2.4: Steady state homogeneous nucleation rate.

Homogeneous nucleation is not the only nucleation process that effects GST.
Heterogeneous nucleation which takes place in the material contacts with other
molecular species is much more dominant for GST, as it is more frequently ob-
served in the nature [67]. This is because contacts with different materials cause
surface impurities and lattice defects which usually lower surface energy, hence
reduces the required free energy barrier for the nucleation. The heterogeneous

nucleation rate of interface molecules is calculated by:

Iss het AG’c
: = 1— 2.12
Iss’ho € eXp( kBT [ f(e)]>7 ( )

where € is adjustable factor, f(0) = ((2 + cos(6))(1 — cos(6))?)/4 and 0 is the
wetting angle, which is experimentally demonstrated as under 20 degrees. It is
clear in Eq. that heterogeneous nucleation is exponentially more probable

than homogenous nucleation.

As previously shown by Kashchiev, both homogeneous and heterogeneous nu-
cleations are time-dependent processes and require an incubation time to reach its
steady state value represented by Eq. [67]. The transient effect of nucleation

can be calculated by:
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4 S —7? S
Livans = Losy/ 7;7 exp( T ), (2.13)

where 7, is incubation time constant which defined as:

1

Ts = 573 : (2.14)
mne/ ’767rnAclgBT

Figure [2.5| shows an important incubation property of nucleation that even in

the ideal nucleation temperature, the required time for nucleation to start is on

the order of 0.1 milliseconds.

10°
mg | |
= 107°F 1
é L
10—100 L | I L L =
0 0.5 1 15 2 2.5

Time (s) <107

Figure 2.5: Transient nucleation rate, [;..,s converges to I, during incubation
time.

Crystal Growth Model:

Once nucleation occurs with stochastic nature, crystallized nuclei clusters may
grow by attachment of GST molecules. Crystal growth is a nucleation medi-
ated event, and like the nucleation, it is both time and temperature dependent.
The rate of growth is well studied by ab-initio molecular dynamics simulations;
however, transfer of obtained knowledge to FEM or FDM simulations are limited

given the observation from ab-initio simulations can capture only picosecond time
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events . According to a widely accepted model of crystal growth developed

by Kelton and Geer, temperature dependent growth rate can be calculated by:

dr . 16I€BT
dt — 3m3\p

3V,
47

(=) sinh( (Ag — TUm)), (2.15)

2kgT

where Ag is calculated with Eq. . This growth model assumes that
nuclei clusters have spherical shape and attachment of GST molecules increases
the radius of the cluster. Due to the increase of cluster radius with growth,
the curvature of cluster interface become more flattened. Therefore the rate of
attachments of new GST molecules accumulates. The growth rate dependence of

cluster radius and temperature is given in Fig. [2.6]
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Figure 2.6: Growth rate dependence on temperature and cluster size.

2.2.1.4 Amorphization Model

In the presence of a large current input ( 300-500 pA) temperature around hotspot
increases to a point, T,,, where chalcogenide material melts and changes to the
liquid phase. If the current pulse is to end with a very short trailing edge, hotspot

temperature drops rapidly, and the bonds cannot be rearranged due to the short
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span of time. The phase change material is therefore left in high-resistivity amor-
phous state . In the majority of PCM simulations, momentarily existed liquid
phase is not included to simplify phase transition model ,,,. Crystal
to amorphous phase change is assumed to occur instantly when the temperature

exceeds melting temperature of phase change material.

In summary, there are three principal thermally operational regions in GST
based synaptic device: nucleation region, growth region, and amorphization re-
gion. As Fig shows, heterogeneous nucleation favors 600-750 K and crystal
growth is confined approximately between 500-600 K, while any region inside

GST with higher than melting temperature, melts and become amorphous.
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Figure 2.7: A PCM based synaptic device has three main regions, where device
conductivity can be tuned with adjusting temperature for nucleation, growth or
amorphization.
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2.2.2 Simulation Approach

In this section, we provide a detailed description of our simulation framework

which employs thermal, electrical and phase change models previously explained

in [Multiphysics Models of Phase Change Materialss FEM simulation settings,

nucleation calculation details and coupling between COMSOL Multiphysics and
MATLAB are explained.

2.2.2.1 Device Geometry

In simulations, a fixed geometry mushroom type synaptic device consisting of
GST based active region sandwiched between two Titanium Nitride (TiN) elec-
trode is used. The bottom electrode is connected to GST by a heater with 40 nm
diameter. The device is electrically isolated with Silicon Oxide (SiO3). Device
geometry is chosen to be comparable in size with previously reported devices in

the literature to make a fair comparison of experimental and simulated results.

Figure 2.8: A mushroom type synaptic device with GST sandwiched between top
and bottom electrodes.
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2.2.2.2 COMSOL Implementation

Electrical Module: Electrical characteristics of the synaptic device is imple-
mented using Electric currents (ec) module at COMSOL. Electric currents mod-
ule calculates current density, electric field and voltage distribution inside the
device. Using the applied voltage to device, Eq. is solved at each simulation
time step to obtain electric field distribution inside the device. Then Eq. is

computed to obtain current density using conservation of current:
E=-VV (2.16)
v.fZV~(aE+ﬁ):0, (2.17)

where o is temperature and field dependent electrical conductivity of conduc-

tive materials.

GST l 50 kO - 10 MQ

Figure 2.9: Electrical circuit that is used to apply potential to synaptic device.

The demonstrated electrical circuit in Fig. [2.9]is implemented by Electrical
circuit (cir) module at COMSOL to simplify crossbar array cross section, where
the voltage pulse is applied to the top electrode, and the bottom electrode is
grounded. A 5 k() resistance is used to coarsely model the impact of load resis-

tivity, which is employed in some of the experimental devices [47].

Concerning boundary conditions, GST-TiN interface is modeled to have a
contact resistance of 2.6 x 107" Qm [47]. The outside of surrounding SiO,

region is modeled as electrical isolation, (7 - J = 0).
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Thermal Module:

Thermal characteristics of the synaptic device is implemented using Heat trans-
fer (ht) module at COMSOL. Heat transfer module calculates the temperature
distribution within the synaptic device by solving heat diffusion equation (Eq.
2.19):

T
pC’p%—t +pCou-VT =V - (kVT) + Qent- (2.18)

The heat flow formulation describes the relationship between material density,
p, heat capacitance, C), thermal conductivity, x and additional heat source, Qcs1,
which is due to applied voltage pulses (Joule heating) and calculated with Q.. =
J?/o, where J is current density by Eq.

Table 2.1: Thermal boundary resistivity values that are used at GST boundaries.

Thermal Resistivity (m? KGW1)

GST-TiN 26
GST-5104 70

Thermal boundary resistance (TBR) exists between two different heat con-
ductive materials due to energy carrier mismatch (mostly phonons in heat con-
duction) during transversing at the interface. The thermal boundary resistance
values used between GST-TiN [72] and GST-SiO, [73] in the simulation are given
at Table 2.1l

Considering thermal boundary conditions, the parts of top and bottom elec-
trodes that are in contact with air is assumed to be constant at room temperature.
The distance between neighbor synaptic devices is assumed to sufficiently large,
therefore SiO5 is modeled to allow convective heat flux as each synaptic device is
confined by large SiOs isolation. To approximate heat flux from device boundary,
thermal heat transfer coefficient, h, is matched with actual thermal environment

as proposed by Le Gallo et al [47]:
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q = hAT = hqARy,

<1 Or
B = /rs Fog, D412
' (2.19)

47T K,
Rth
h =

?

Ts

where h is heat transfer coefficient, ¢ is heat flux, Ry, is the thermal resistance
silicon dioxide, kg, is the effective thermal conductivity of silicon dioxide, and r;

is the radius of the synaptic device.

2.2.2.3 MATLAB Implementation

MATLAB takes temperature and field distribution as inputs from COMSOL,
in each simulation time step and determines amorphous and crystalline regions
with their corresponding electrical and thermal conductivities using previously
explained models. For each sufficiently small simulation time step (At = 0.1
ns), transient nucleation rate in Eq. is calculated via MATLAB. However,
Eq. [2.13| requires constant temperature during millisecond long incubation time.

Therefore, special care is taken to discretize Eq. for each time step by:

* * 47TT(T”> * T(Tn)
[trans<Tn) = Itrans(Tnfl) + [ISS(TH) - . [trans(Tnfl)] exp <_ t )7
(2.20)
where I7. (T,) is the nucleation rate in the n'® time step, and I} (T, 1)

is the transient nucleation rate calculated at the end of (n — 1)™ time step.
I} .ns corresponds to nuclei formation in unit time and volume, therefore it can
be interpreted as constant rate for a Poisson distribution. The probability of

forming m nuclei in a unit time interval is
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Nm
P, = Wexp(—N), (2.21)

where N is average number of nuclei that form in the interval. Therefore the
probability P*(t;,V, I},

ans) that at least 1 nucleus has formed in time interval ¢;

and in volume V', given transient nucleation rate is:

P*(V.t;, 1}

trans

) =1—exp(=Vt;I;

trans)- (2.22)

Once homogenous and heterogeneous nucleation probabilities per unit volume
and time step are calculated with Eq. [2.22] newly created nuclei positions inside
GST can be determined. Each calculated mesh probability is compared with a
random number sampled from a uniform distribution between 0 and 1, inclusive.
If calculated probability is higher than the generated floating random number,

the mesh state is declared as nucleated.

2.2.2.4 Infrastructure for FEM Modeling of PCRAM Device

To implement probabilistic homogenous and heterogeneous nucleation, COM-
SOL is required to be coupled with an external computing software since cal-
culating nucleation probability and sampling from the distribution in Eq.
was not supported by COMSOL. Hence, we utilized COMSOL Multiphysics® via
LiveLink™ for MATLAB® which allows exporting temperature and electric field
distributions calculated at COMSOL, into MATLAB to determine the material
properties and return to COMSOL for the subsequent time step.
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Figure 2.10: A diagram showing the coupling between COMSOL and MATLAB
in each simulation time step.

In a nutshell, COMSOL-MATLAB coupling works as follows (see Fig. [2.10)):

1. Starting with initial crystalline / amorphous volume ratio, based upon ap-
plied voltage pulse, COMSOL calculates transient potential and thermal
distributions inside GST for 0.1 ns.

2. MATLAB takes temperature and field distribution, interpolates the data
into its own 2 nm X 2 nm meshes, which is the minimum size for a crystalline

nuclei can exist.
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3. First, MATLAB checks whether each mesh is melted by comparing simula-

tion temperature to melting temperature (Ty,e = 877 K).

4. If a mesh is not melted in this time step, but already amorphous, transient
homogenous and heterogeneous nucleation probabilities (P*(V,t;, 1} ...5))

are calculated, and nucleation decision is made afterward.

5. The growth rate (Or/0t) is calculated and for each nuclei clusters, as a
function of local temperature and cluster radius. If conditions fit, clusters

grow.

6. Once determining amorphous and crystalline regions inside GST, using
Poole-Frenkel and Wiedemann-Franz Law, space-dependent electrical and
thermal conductivity of GST is returned to COMSOL for the next 0.1 ns

simulation.

7. Special care is taken to initiate next COMSOL simulation run with previ-

ously found solution vector (U) and solution vector gradient (U).

2.3 Validation of Thermoelectric Model with

Structural Dynamics

To validate complex interaction of selected electrical, thermal and structural mod-
els of the synaptic device under proposed simulation framework, several tests are
conducted. These tests are selected according to their similarity to previously

reported experiments.

2.3.1 Electrical Model Tests

The first electrical test to validate electrical characteristics of proposed models
is to investigate electrical conductivity of different device states. In this test,

the synaptic device is generated with different amorphous dome volumes, and
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electrical conductivity of the device is tested with conventional 0.2 V. READ
voltages as in the literature [44,74-76]. The low voltage READ operation is
necessary as thermally activated Poole-Frenkel electrical transportation other-
wise increases the observed conductivity level or disturbs the device state. The
unchanged temperature distribution of the device during READ can be seen at
RESET-and-READ simulation, shown in Figure [2.16
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Figure 2.11: Electrical characteristics are tested for different sizes of amorphous
regions by 0.2 V READ voltages to avoid thermal activation of Poole-Frenkel
effect.

Figure demonstrates that as amorphous dome radius increases, the resis-
tivity of the synaptic cell increases. The sigmoid-like trend is closely matched
with experimentally demonstrated results and satisfies large resistivity window
(on/off ratio) between fully SET and fully RESET states |74.|77.|78].
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Figure 2.12: Applied ramped voltage showing the effect of asymmetric cell current
due to temperature dependent Poole-Frenkel electrical transportation model.

The second electrical conductivity test is conducted to demonstrate the effect
of thermally activated three-dimensional Poole-Frenkel effect. A ramped voltage
pulse is applied to the device to observe the effect of different temperature profiles.
During the first 50 ns, device temperature rises and cell current starts to break
linearity due to Poole-Frenkel effect (see Fig. . As voltage starts to decrease,
the current passing through the cell decreases but due to the high-temperature

profile, conductivity shows an asymmetric tail characteristic.

2.3.2 Thermal Model Tests

To validate the thermal model, two different tests are conducted. First, the
temperature distribution in the synaptic cell is analyzed after applying a typical
RESET pulse level. Second, the thermal time constant of the device is calculated

to prove that thermal dynamics are as fast as reported in the literature.
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In Fig. [2.13] temperature profile of simulated mushroom shape device reaches
up to maximum 1600 K locally, while overall hotspot temperature is around
1400 K just after applying a RESET pulse with amplitude of 2.5 V with (2.5
ns/20 ns/2.5 ns) rise/width/fall time. The maximum hotspot temperature is a
good agreement with reported temperature values of 1400-1800 K, obtained after
RESET pulses .
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Figure 2.13: Temperature profile of synaptic device after applying 20 ns, 3.5 V
RESET pulse.

Thermal time constant of synaptic device is also calculated with the method
proposed by Reifenberg et. al,: 7y, = AT,,/RCy,, where RCy, is approximately
2.9 x 101! Ks~t and AT, is the temperature change required to melting, yielding
Tin to be 2—3 ns. This value is in the range of what is expected in experimentally
observed very fast thermal dynamics of PCM based nanoscale devices ,.
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2.3.3 RESET Programming Tests

RESET tests are conducted to check the agreement of simulated device and ex-
perimentally reported device states after RESET operation. Before starting RE-
SET tests, the device is manually programmed into the fully SET state. In the
literature, RESET pulses are usually constant-current pulses. However, in our
simulation which couples COMSOL and MATLAB, we observed that applying a
current pulse breaks the temperature stability of simulation and leads to unreal-
istic temperature and electric field calculations. Hence alternatively, we applied
large voltage pulses (between 3-4 V) with (2.5 ns/20 ns/2.5 ns) rise/width/fall
times and made sure that temperature and current is stable inside the synap-
tic device during the RESET operation. The stabilized current level through
the device is assumed to be Iggsgr. After applying RESET pulses, the device
cooled down for 15 ns then 0.2 V READ pulse is applied to measure the final

programmed conductivity of the synaptic device.

Fig. [2.14] shows applied RESET currents vs. final resistivity state of the
synaptic device. RESET pulses with less than 100 pA did not increase device
temperature enough to melt, hence fall short for initiating RESET operation.
The gradual RESET is observed around 275-400 pA and successful fully RESET
state is achieved with 450 pA RESET pulses.

38



—_—
)

3
REE —
®

—
()
(@)
masa — T
®
|

[S—
)
(9]
T
|

—
(@)

Low Field Resistance (€2)

100 200 300 400 500 600
Reset Current (¢ A)

Figure 2.14: Electrical characteristics of synaptic device after RESET pulses with
different current levels.

The scaling charts presented in Fig. [2.15] represents required reset currents
reported in the literature to achieve a fully RESET state as a function of heater
contact size. With 450 ptA RESET current and, 40 nm heater radius, our RESET
simulation results are shown to be in a good agreement with previously reported

similar devices found in the literature.
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Figure 2.15: On the left, scaling trend of RESET current vs. heater contact
diameter of PCM based switching devices are shown . On the right, experi-
mental RESET current vs. heater area from several sources is given . Yellow
stars on both charts represent our simulation results.

Top plot of Fig. shows one RESET and READ pulse sequence applied to
the device. Although we report quasi-stable RESET current levels, our applied
voltage levels are close to values reported in the literature. In the bottom plot,
each line represents the temperature of only one mesh inside GST during RESET
and READ operations. A snapshot of cell temperature profile at the end of this
RESET pulse (at 22.5"" ns) is given in Fig. 2.13| Fig. also demonstrates
that owing to very fast thermal dynamics of the device, READ operation can be

started as close as 15 ns after cutting RESET pulse.
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Figure 2.16: Temperature histogram of synaptic device during RESET and con-
secutive READ pulses.

Fig. shows the temperature and electric field distribution inside GST
after application 2.5 V, 3 V and 3.7 V RESET pulses. Both the temperature and
electric field concentrated on the corners of the heater. Elevated temperature
and electric field levels causes higher electrical conductivity due to Poole-Frenkel

effect, which leads to larger melted volume in GST.
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Figure 2.17: Temperature and electric field distribution inside GST after different
applied RESET pulses.
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2.3.4 SET Programming Tests

SET tests are conducted to check the agreement of simulated device and ex-
perimentally reported crystallization growth during SET operation. The initial
device state is manually programmed into RESET state to observe a complete
phase transition. SET operation controls nucleation and crystal growth inside
GST; hence initial crystal cluster positions and sizes before SET, are essential
and should be defined.

The initial distribution of nuclei cluster sizes is assumed to follow an exponen-
tial distribution as previously stated in the literature [65]. Fig. demonstrates
a scaled version of randomly positioned, initial crystalline nuclei cluster distribu-
tion of GST. Calculated GST positions and nuclei size distributions show a good
agreement with TEM image of the crystalline phase of GST. To avoid random
effects due to sampling, the simulation uses the same crystal cluster settings for
all SET tests.
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Figure 2.18: Initial distribution of crystal cluster sizes is given. Clusters are
randomly positioned without an overlap. Intake figure on the right shows a
similar TEM image of cluster distribution, taken from [81].

SET test pulses are 3V RESET pulses finished with long tails. As Sebastian
et al. reported , applying a 100 ns SET pulse following a RESET provides
enough time and temperature requirement for crystallization. To investigate
time-dependent crystallization growth, we applied tsgr = 50,100,150 ns SET
pulses. Figure 2.19] demonstrates applied SET pulses to the synaptic device and
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crystallization/amorphous volume distributions before and after different SET
pulses. Yellow region represents the amorphous part, whereas blue region is crys-

tal nuclei clusters on crystal background represented with the navy color.
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Figure 2.19: Crystal nuclei cluster distributions are given before and after var-
ious SET pulses. Red dashed lines demonstrates three different SET scenarios.
Reduced amorphous region is achieved by longer SET pulses.

In Fig. d describes the shortest path that current can take through
the amorphous region, which is more descriptive of amorphous volume than com-
monly used u 4, the radius of amorphous region . Decreasing d with increasing
SET pulse duration shows that staying longer in crystallization temperature re-
gion leverage crystallization effect as expected. The observable growth rates for
SET tests, which are calculated by Ad/tsgr, are 0.6,0.3,0.2 m/s for 50,100 and
150 nm long pulses. These results are very close agreement with previously re-
ported amorphous region shrink velocities ,. This is a remarkable result for

two main reasons:

o This model does not assume perfect semi-round amorphous region during

SET operation.

It also can explain from first principles that experimentally observed growth
rates can be calculated by individual growths of tens of crystal nuclei clus-

ters whom radius follows exponential distribution between 2-10 nm.
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Another key result of SET tests is that during experimenting different SET
pulses on various crystallization distributions, we have not encountered a single
nucleation event. Because transient nucleation rate is extremely low until ~ 0.1
milliseconds (see Fig. , even a heterogeneous nucleation event on GST did
not take place. Hence, we confirmed that crystallization in GST is a growth

dominant rather than nucleation dominant mechanism.
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Chapter 3

Modeling Drift of PCM Based

Selector Devices

The second part of this thesis captures my research at Advanced Technology De-
velopment Team (TD) and Computer Aided Engineering Team (CAE) of Sam-
sung Electronics Co., Ltd. in Korea. This part focuses on the modeling of drift

in phase change material based selector devices.

As phase change material based non-volatile memory devices shrink to sub 10
nm region, a couple of problems emerged in the engineering of densely packed
crossbar arrays. One of the major issues is “sneaky path problem”, where WRITE
operation of one cell, may disturb neighbor cells with residual leakage currents or
obstruct READ operation as shown in Fig. [3.1] To suppress parasitic currents,
one solution is to add a selector device with a highly non-linear current-voltage

(IV) characteristics, series with each memory cell.
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<«<—— Reading current

e Sneak current

Figure 3.1: A diagram showing the read disturbance problem by the presence of
sneak current: reading current (thin blue line), sneak current (thick red line).

Taken from )

There are several selector implementations in the literature which offer both
high current density with good IV nonlinearity, low capacitance and back-end-of-
line (BEOL) compatibility, such as:

1. Transistors
2. Diodes (Si or oxide based)
3. Volatile switching selectors

4. Ovonic threshold switching (OTS) devices

5. Mixed electronic and ionic conduction (MIEC)
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3.1 Ovonic Threshold Switching (OTS) Selec-

tors

OTS devices are two-terminal amorphous chalcogenide materials, whom electrical
conductivity can rapidly change from a high resistive state (HRS) to low resistive
state (LRS) by applying a large potential exceeding a specific threshold voltage
value [38]. The conductivity difference between switched LRS and HRS can be as
high as six orders of magnitude; nevertheless device immediately switches back

when the applied voltage is cut.

OTS devices and PCM based memory cell that is studied in Chapter 2 are both
based on chalcogenide materials. Hence, OTS devices can crystallize and melt
as well. However, OTS materials are chosen in selector applications such that
they have lower ionicity and higher hybridizations, which leads to more directed
covalent bonds which significantly slow crystallization process [83]. In fact, once
crystallization observed in a selector device, it is not feasible by device operations
to melt and change its phase back to fully amorphous state, therefore crystallized

selectors are always assumed to be non-operational.

3.2 Resistance Drift in OTS Device

Resistance drift is a widely observed physical phenomenon due to rearrangements
of atoms in amorphous materials [84]. In chalcogenide materials, whether it is
the amorphous phase of PCM or OTS material, resistance drift manifests itself as
monotonic increasing of resistance through time [71},85,86]. The actual physical
reason of the resistance drift is still not clear, but recently Raty et al., Gabardi et
al. and Zipoli et al., demonstrated with ab-initio simulations that energetically
unstable homopolar bonds and defects exist in melt-quenched amorphous [84,
87,88]. As these unstable defects naturally disappear with time, the distance
between traps increases as the structure evolves into a more crystalline-like state,

however without the necessary long-range order.
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The increase of selector device resistance is a significant problem regarding
crossbar array technology. The main problem comes through increase of threshold
voltage (Vi) as resistivity drifts [86,89]. READ and WRITE operations requires
a known Vi, level of OTS. If Vy, increases and applied READ/WRITE pulses
could not pass threshold value, then selector device stays in HRS. Resistance drift
of Vi, may be addressed with determining new Vi, with various READ voltages
and detecting the voltage value which certain threshold current level is reached
[25]. However, all currently proposed solutions increase time and power required
to READ and WRITE operations and add more support circuitry; therefore, they
are ideally unfavorable. On the other hand, physical modeling of time-dependent

resistance drift can offer a much faster solution.

It has been experimentally observed that resistance drift follows power law |71],

given by:

R() = R(ta)(1)" (5.1)
where R(t) is time-dependent amorphous resistivity, R(o) is an observed re-
sistivity at t = tg, and v is drift coefficient. Even though it is widely used in
the literature to forecast resistance of amorphous region Eq. falls short ex-
plaining the temperature dependence of the drift [90-92]. Ciocchini et al. later
proposed a connection of temperature dependent electrical transport and drift
mechanism by increasing of activation energy of conduction by time. However
they assumed a constant inter-trap distance during the drift, which is proven not
to be the case [84},89].

Recently, Sebastian et al. developed a temperature dependent structural re-
laxation(SR) model which links structural relaxation to the activation energy
of low-field conduction [90]. This work, later improved by Le Gallo et al., to
connect activation energy and inter-trap distance changes with 3D Poole-Frenkel
based electrical transportation in Eq. [52]. Although this simple but powerful
model has been validated experimentally across a wide range of time (10 orders

of magnitude) and temperature (180-400 K), it does not support one unique drift
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feature that we observed in our OTS devices, which is the saturation of the drift.

Drift saturation of PCM material is rarely reported physical phenomenon in
the literature, and it is critically important for understanding and developing
OTS device technology [93,94]. In the second part of the thesis, we improved
the model proposed by Le Gallo et al. [91], by proposing that two identical, drift
saturated devices at different temperatures should have similar inter-trap distance

levels as consumption of defects are the limiting factor of the drift.

3.3 Modeling Resistance Drift with Saturation

(Why o seems like amorphization)

Unstable configurations
after RESET in > SR(b)

PF-model(E,, Az, T,E) ——>
melted & melt-quenched a-PCM

<=
—_——

*Ge - Ge
e GeT
e Gef!

(Why SR seems like crystallization)

Figure 3.2: From left to right: Homopolar bonds in amorph are energetically
unstable hence disappears with time. This mechanism is called structural re-
laxation(SR) and affects activation energy and trap density. Change in these
two parameters are enough to model drift since we assume Poole-Frenkel model
captures electrical transport behavior of ovonic threshold switching material.

The model of resistance drift of PCM based devices proposed by Le Gallo et
al., [91] describes the simplified dynamics of structural relaxation and how SR
changes activation energy of conduction, E,, and inter-trap distance, Az as the
annihilation of traps proceeds. Figure illustrates the causal effects leading to
resistivity increase with time. Interestingly, this model can predict experimentally
observed resistivity and threshold voltage values by only altering Ex and Az in

Poole-Frenkel model.
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Configuration coordinate

Figure 3.3: Structural relaxation model developed by Le Gallo et. al [91]. After
programming, amorphous state is energetically unstable and proceeds towards
more stable crystalline-like state with rate r(t), without requiring long range
order.

The structural relaxation model denotes PCM’s network state with an order
parameter Y. ¥ is a normalized parameter and takes values between 1 (low-
ordered highly-stressed amorphous state) and 0 (ideal, energetically favorable
relaxed state). Whenever V' > Vj;, is applied to OTS device, amorphous network
state is initialized with 3(0) = X,. As network state collectively relaxed through
more relaxed states, energy barrier required to overcome, FEj, is assumed to be

linearly dependent to X :

Ey(t) = Es(1 — X(1)), (3.2)

where FE, is the final energy barrier to reach most relaxed state at X =
0. With an Arrhenius behavior, this relaxation events occur at rate r(t) =
vo exp(—FEy(t)/kpT), where 1 is an attempt-to-relax frequency. If each relax-
ation event with Ej(t) energy barrier, changes ¥ by Ay, the evolution of ¥ as a

function of time and temperature can be calculated by:

20



d>i(t) Ey
S2) 0l _
dt Yooy 5P ( kBT(t))

s o) (2.

At constant temperature, Eq. can be solved analytically to track progress
of 3, such that:

(3.3)

S(t) = — "L 1og (t s TO) , (3.4)

where 11 = (kT /voAs Ey) exp(E,/kpT) and 19 = 1 exp(—X0E,/kpT). Once
Y is calculated by Eq. at constant temperature, an empirical linear link
connecting structural relaxation to activation energy and inter-trap distance can

be written as:

Ex(t) = E* — aX(t)

(3.5)
s(t) = so/2(t)

The temperature dependence of activation energy of electrical transportation,

is assumed to follow Varshni Rule,
Ea = EaO - £T2

since optical bandgap is experimentally shown as temperature dependent [59,95,
96 .

Once temperature and time-dependent F, and Az determined, 3D Poole-
Frenkel model in Eq. is used to calculate resistivity of OTS device. However,
we did not put to use field dependent version of mobility in our model as suggested
by Le Gallo et al., since constant mobility shows better agreement with our

experimental data [52].
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3.3.1 Experimental Validation of Proposed Model

Figure |3.4] shows experimentally observed resistance drift data of the same device
at two different temperatures. The OTS device fabricated for experiment has
bottom electrode size of 8 nm x 20 nm, and the thickness of OTS material is 30
nm. The READ voltage values are 2.48 V and 2.64 V respectively for 25 °C and
85 °C experiments. The resistance difference between two temperatures is due to

thermally excited Poole-Frenkel emission effect.
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Figure 3.4: Two resistivity measurements of the same OTS device for different
temperature values are presented. The fitted models to describe drift behaviors
differ only in temperature input and experimentally used READ voltages.

Parameters of the model used to fit two different measurement case are entirely
same except temperature information and slightly different READ voltage values
which is used to approximate electrical field inside OTS material by F' = V/horg,

where hporg is the thickness of the device.
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Figure 3.5: Activation energy and inter-trap distance calculated by drift model
for OTS devices used in Fig. |3.4]

Once the model is to fit experimental OTS device characteristics, the evolution
of immeasurable device properties such as activation energy of conduction and
inter-trap distance can be calculated. Fig. shows that activation energy of
OTS device in 85 °C ambient temperature is higher. This result is well aligned
with the experimentally found temperature dependence of optical bandgap. The
bottom figure illustrates temperature dependence of inter-trap distance, which is
more distant in high ambient temperature due to its annealing effect but increases

with time due to structural relaxation.
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Figure 3.6: Resistance drift saturation measurements of OTS device with 380 nm?
bottom area and 20 nm thickness. Saturation times are determined to be 10800
seconds and 4980 seconds for 25 °C and 85 °C ambient temperatures respectively.

In some prototype OTS devices that fabricated with different chalcogenide
alloys, resistance drift saturates at some point in time, coherently with V. Fig.
[3.6] illustrates that Vi, increase over time until saturation point is a temperature
dependent phenomena. In the strong form of the drift model proposed by Le
Gallo et al., the evolution of the device resistance can be predicted; however it
falls short predicting this saturation point. To support saturation in Eq. [3.3] we
proposed that if we have two identical devices at different temperatures, although
one saturates first, eventually they will have the same inter-trap distance and
activation energy at the point drift saturated. This proposition requires, ¥(t) to

be constant after saturation, which requires the condition:

—— = —r(t)As =0 (3.6)

Hence, declaring a new boundary condition ¥ (t > ts,) = 0, for Eq.

enables model to predict the resistance saturation time.

o4



1.0
T=85°C

0.9 —T=25°C
0.8

£ 07

g

g o6

24

205 tp = 4950
04 tg,, = 11000
0.3

10° 10? 10* 10° 108 10
Time (AU)

Figure 3.7: Calculated structural relaxation constant ¥ is given for both mea-
surement data at Fig. W > =1 corresponds to the most disturbed state.

Fig. demonstrates the evolution of ¥, when the model is tuned specifically
for determined saturation points of measurement shown in Fig. [3.6 The model
prediction of resistance - therefore Vi, - slope is steeper in higher ambient tem-
peratures due to faster annihilations of defects. Once resistance drift model with
saturation is tuned for OTS device, time and temperature dependent IV char-
acteristics can be inferred. Fig. [3.8] illustrates IV characteristics of OTS device
measured at 300" second, and proposed model prediction. It is clear that drift
model captures Poole, Poole-Frenkel, and Ohmic regions reasonably well for this
measurement. The only mismatch is present in Vi, = 2.1 V, which is presumed

to be due to impact ionization effect.
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Figure 3.8: IV measurement of OTS device at 85 °C ambient temperature and

previously tuned drift model used to predict IV characteristics of the device at
300" second.

As a case study for describing threshold switching behavior of OTS device,
several models based on the high field-induced avalanche of carriers are proposed
in the literature [97,98]. The empirical Okuto-Crowell impact ionization method
is selected based on its good agreement with the OTS switching data (see Fig.
. Combination of Poole-Frenkel subthreshold switching and impact ioniza-
tion avalanche generation model is given in Fig. 3.9, The important point of this
combination is that Vi, can be calculated by determining the point of abrupt

slope change of IV curve. Hence, not only resistance drift but Vy, drift can be

predicted as well.
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Figure 3.9: Blue line is general Poole-Frenkel behavior for subthreshold conduc-
tion, whereas red line is the typical behavior of impact ionization. By combining
both Poole-Frenkel and impact ionization, the complete IV curve showed with
black dashed line can be obtained.

The implemented Okuto-Crowell impact ionization model is given by:

b1 +d(T—T0)]r | (37)

a(F)=a(l+c(T —1Tpy)) F7exp [—( Fa

where a, b, ¢, d, v and § are empirical constants, Ty is 300 K and F is electri-
cal field. The avalanche factor a(F’) is combined with free carrier charge density
calculated via Poole-Frenkel Model to obtain generation rate with following for-

mulation:
G=n(FT)a(F)uF. (3.8)
Then new free carrier charge density is calculated by
n' =n+ Gr, (3.9)

where 7 is the carrier lifetime.
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Figure 3.10: Prediction of OTS device IV curves at 300" second for 25 °C and
85 °C with impact ionization is enabled.

Fig. shows the implemented Okuto-Crowell impact ionization model, com-
bined with Poole-Frenkel subthreshold conduction mechanism. The new model
can predict Vi, successfully. Model prediction of room temperature device char-

acteristics is also shown as a reference.

3.4 Model Optimization Techniques

To utilize optimization methods to tune model parameters for experimental mea-
surements automatically, model input/output is designed such that it takes the
same inputs with the fabricated device (voltage, ambient temperature) and re-
turns the same measurable quantity (current or resistivity). As shown in Fig.
[3.11], fabricated OTS device can be modeled as a black box with physical char-

acteristics represented by a multidimensional parameter set, 6.
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Figure 3.11: For OTS device, the control parameters are ambient temperature

and applied voltage.

In proposed drift saturation model illustrated in Fig. there are 17 pa-

rameters that should be tuned in order to represent the internal dynamics of the

fabricated device. In an ideal situation, using well-grounded parameters, both

real-world device, and simulated device outputs the same current when we apply

same voltage level at same ambient temperature. Therefore, the aim is to min-

imize the difference between measured resistivity level of the fabricated device,

R(0) and estimated resistivity by model, R(6), by tuning model parameters, 6.

Structural Relaxation
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Figure 3.12: At drift simulation, voltage pulse and constant ambient temperature
is applied to model and observed parameter dependent resistivity value, Ry(t).
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3.4.1 Least Square Methods

Without boundaries:

r = arg mein % Z <R(t) - ég(t)>2 : (3.10)

First optimization method used is Trust Region Reflective algorithm of
least _squares method with Cauchy loss, of scipy library of Python [99]. The
downside of this method is that tuned parameters could not have lower and up-
per bounds as shown in Eq. hence resulted in physically unrealistic device

parameters such as negative activation energy, etc.

With boundaries:

1 A 2 :
= argmin o Z <R(t) — Rg(t)) , subject to LB < 6; < UB. (3.11)

Second optimization attempt is to bound each parameter in a physically ex-
pected range via utilizing leastsq method of scipy library of Python. leastsq sup-
ports limiting every parameter with one upper and one lower bound as is shown
in Eq. [3.11], however, this method resulted in extremely low inter-trap distance,

even though all parameters are limited to be positive values.

Simulated Annealing:

1 . 2
r = arg mein 5 Z (R(t) - Rg(t)> , subject to LB; < 0; < UDB,. (3.12)

In the last optimization attempt to limit every parameter with different upper
and bottom bounds as in Eq. [3.12] simulation annealing method is utilized among
other candidate methods such as evolutionary algorithms or gradient-based search
algorithms due to its ease of implementation [100]. Despite its computation heavy

search, obtained set of parameters were in the order of what is expected.
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Chapter 4

Conclusion and Future Work

4.1 Summary of Achievements

The achievements of this thesis include the modeling effort of PCM based mem-
ory, and modeling of PCM based selector cell, which together describe a single
synaptic device. In the first part of the thesis, a simulation framework using im-
plementation of novel thermoelectrical and phase change models for GST based
synaptic device is proposed. In the second part of the thesis, electrical modeling
and resistance drift saturation mechanism for PCM based selector devices are

proposed.

Modeling of PCM Cell:

We proposed a comprehensive, FEM-based simulation tool for modeling electri-
cal, thermal and phase change response of PCM based synaptic devices. Coupling
COMSOL Multiphysics® via with MATLAB® using LiveLink™ interface allows
user to investigate and optimize SET operation of the device, which was other-
wise, inapplicable. Proposed novel simulation framework with its implemented

models, is validated with various previously reported experimental data.
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We demonstrated that previously reported temperature dependent amorphous
region shrink rates can be decomposed to growth rates of different cluster sizes

whom allocation inside GST follows an exponential distribution.

We also successfully demonstrated that commonly practiced SET scheme con-
trols growth dominant crystallization rather than nucleation. Although hetero-
geneous nucleation rate is higher than homogeneous nucleation rate inside GST,
simulation results showed that experimentally observed temperature-dependent
crystallization relationship is due to Crystallization Nucleation Theory based

growth theory, not related to nucleation.

We proposed a mathematical model, Eq. for calculating millisecond long
transient nucleation rate with very small FEM simulation time steps. Nucleation
rate calculation as it is proposed initially, requires constant temperature during
long incubation time; however our model shows inside PCM, the temperature

distribution can change at a rate up to 1 x 10" Ks™1.

Proposed mathematical
method discretizes transient nucleation rate for small simulation time steps, which

was otherwise untrackable.

Modeling of Selector Device:

We demonstrated that subthreshold conductivity of small OTS selector de-
vice fabricated with 8nm node follows 3D Poole-Frenkel behavior with field-
independent mobility. From the insights provided by the model, activation energy

and inter-trap distance information of the device is obtained.

We demonstrated that previously developed resistance drift model by Le Gallo
et al., which was validated on GST and GeTe, can also describe the drift charac-
teristics of small OTS devices. The implemented model is validated at two dif-
ferent ambient temperature, 25 °C and 85 °C up to wide range of time, 10° — 103

seconds.

We proposed a method to predict saturation time of resistance drift for OTS

selector devices. Modeling the drift and its saturation together is an important
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requirement for PCM based NVM technologies as the threshold voltage of READ
and WRITE operations are heavily dependent on the drift behavior. Proposed
drift saturation model is validated on two different temperatures (25 °C and 85

°C) and wide range of time (up to 10 seconds).

We also reported an ultrafast saturation of the resistance drift in OTS selector
devices, observed for the first time in the literature. Previously reported fastest
resistance drift saturation time is on the order of 10° — 10° seconds. From the
technology point of view, 10% — 10* second saturation time is a remarkable device
property which obligates a threshold voltage look-up table implementation to a

memory device.

We implemented a parameter optimizer based on simulated annealing method

to tune model parameters within the range of physically expected boundaries.

4.2 Impact of This Research

The proposed model for drift saturation which successfully captured time and
temperature dependent resistance drift of OTS selector devices is going to built
into Samsung Electronics’ semiconductor model library. Being the first successful
OTS drift model developed at Samsung Electronics, proposed model paves the
way for understanding the device operations and advancing PCM based NVM
device technology. Additionally, the growth dominant crystallization implemen-
tation at the first part of this thesis is requested by Samsung Electronics to

improve currently used models.
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4.3 Future Work

The development of promising PCM based synaptic device technology relies on a
strong understanding of device operation principles. Particularly following simu-
lation ideas are suggested to investigate to build upon the research conducted in

this thesis:

Combination of memory and selector simulations: First chapter of this
thesis approach the modeling of the memory cell via FEM simulations, whereas
second part takes an analytical approach to model OTS selector device. Next im-
provement would be designing a single FEM simulation which includes connected
OMS and OTS devices, to enable temperature and field interaction between for

more realistic results.

Faster iteration requirement: Currently one 50 ns RESET simulation takes
approximately 10 hours of simulation time on modern hardware with 16 CPUs.
The main bottleneck comes from to reinitialization of COMSOL variables at the
beginning of each time step. Reimplementing proposed algorithm on another
software such as TCAD Synopsis, etc. would be a good candidate for solving the

problem of slow iteration speed.

Implementation of thermoelectrical properties: Peltier, Seebeck and
Thomson thermoelectrical effects are present and can impact on the temperature
distribution of the device. The implementation of these thermoelectrical prop-
erties could improve the understanding of electrical and thermal transportation

processes.
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