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Abstract 

Current trends towards more efficient computing include alternatives to the standard von 

Neumann architecture and a trend towards in-memory computing with non-volatile memory 

(NVM) arrays. Resistive Random-Access Memory (ReRAM) is a strong NVM candidate for such 

applications. In this work, performance optimization and reliability studies were performed using 

hafnium oxide and tantalum oxide-based ReRAM devices integrated into 65nm CMOS. A 

thorough analysis of the effects of switching parameters such as maximum current, voltage, pulse-

width, and temperature-based stress culminated in improved device performance, yielding a 

memory window (MW) > 30, excellent endurance >2.1x1010, and retention at multiple resistance 

levels for 104 seconds without degradation. When the operational temperature was ramped from 

25-125 °C oxygen vacancy mobility and generation rates shifted in these devices, directly affecting 

MW by up to 2X. To demonstrate the potential of ReRAM for neuromorphic applications, multi-

level (analog) switching was implemented, achieving a total of >10 statistically distinct resistance 

levels when using large (>50 ns) pulses. When using ultra-short pulses (300 ps) the number of 

resistance states was limited to < 15 and resulted in a narrow conduction window (CW) of ~2X. 

Thus, an optimized pulsing scheme, incremental pulsing (ISPP), was utilized in which successive 

switching pulses increase in voltage amplitude. When used in conjunction with a read-verify 

scheme, the total number of resistance states increased to >20 and the CW increased to ~31X 

respectively, while also maintaining the linearity and symmetry of potentiation or depression. 

Based on these empirical data, the Neural Network (NN) learning algorithm ñCross-Simò 

simulator was trained on the MNIST dataset, yielding 96.55% accuracy, on a 96.7% baseline, 

when using the ISPP algorithm. Taken together, these results demonstrate the potential of ReRAM 
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for non-von Neumann computing applications once proper optimization of electrical switching 

parameters and operational temperature is achieved. 
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 Introduction  to Emerging NVM Technologies for 

Neural Network Applications 

1.1. The Past and Present of NVM Technologies for Neural Network Applications 

The semiconductor industry, based primarily on silicon technology, has been propelled by 

a relentless trend to reduce costs per application function by miniaturizing the underlying silicon 

devices (transistors) and connections (wiring). The increasing density of transistors has allowed 

applications and devices with ever increasing functionality to permeate everyday life such as the 

internet, personal computers, and smart phones, while simultaneously enabling leading-edge 

computation applications like big data and artificial intelligence. Besides their unique logic 

functions, all these devices require faster, higher density, and more energy efficient memories to 

enable either increased performance or lower power, depending on the application space. The cost-

reduction trend enabled by the scaling of devices is known as Mooreôs Law [1] and has been 

effectively followed by the industry for over 40 years. However, lateral device scaling has 

gradually reached fundamental physics limits, such as tunneling through ultra-thin insulators and 

materials properties limits, such as carrier mobility [2]ï[5]. To address these scaling issues, 

innovative approaches involving novel materials (e.g., high-k metal-gates for transistors), 

packaging technologies (e.g., 2.5D and 3D integration), and device architectures are implemented. 

Specifically in the memory space, new device types such as Resistive Random Access Memory 

(ReRAM) [6], [7] have been developed to replace older device types. During the research and 

development phase, performance and reliability of these novel devices need to be understood and 

managed prior to incorporation in advanced semiconductor nodes. Specifically, ReRAM failure 

mechanisms and methods to mitigate those failures via programming and/or process actions are a 

major focus of this dissertation. 
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To gain a better insight into future memory devices and architectures we must first 

understand current memory applications. Todayôs major memory devices used by the industry are 

NOR and NAND Flash, Dynamic Random Access Memory (DRAM), and Static Random Access 

Memory (SRAM). Each having its own benefits or limitations. Memory devices are fundamentally 

divided into volatile memories (e.g., DRAM and SRAM) and non-volatile memory devices (e.g., 

NOR and NAND Flash). Volatility implies that power is required to maintain the stored 

information while non-volatile devices do not require applied power. 

DRAM stores data when an electric charge is placed on a capacitor and is used as main 

memory due to the low latency, high write endurance, and low cost [4]. However, a major obstacle 

lies in the necessary refresh cycles, which lead to a comparatively high-power consumption. 

Unfortunately, further scaling of DRAM cells has become costly due to size limitation issues [8]ï

[10]. Other complexities related to manufacturing including reduced cell reliability and potentially 

increased cell leakage have led to several key areas being investigated for continued development 

of DRAM. These include improvements to refresh energy and density [11], bandwidth/latency 

between DRAM [12], [13], removing waste area in main memory [14], [15], and minimizing data 

movement between DRAM and processing elements [16]. 

SRAMôs main application area is as processor cache memories where speed is most 

important. SRAMôs speed advantage is due to its storage principle based on flip-flops, where six 

transistors are connected.  This storage and design principle not only leads it to being faster than 

DRAM it also allows a lower power consumption. However, it is less dense than DRAM and 

consequently more expensive because of the required six transistors instead of DRAM which only 

uses one. An additional advantage for SRAM is that while SRAM also loses its stored information 

when turned off, due to it being a volatile memory, it does not require refresh cycles due to its 
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feedback loop design that holds data when it is written. This also means that reading data from an 

SRAM cell does not require a write-back operation to retain the data. Many of the improvements 

for SRAM coincide with improvements to transistor design such as 3-D transistors [2]. 3-D cell 

structures including both above silicon, such as ñFinFETò [17] which has a vertical storage gate, 

and below silicon ñUò structures show promise to allow further scaling while maintaining the 

channel length required for programming. These structures move the channel length constraint into 

the Z direction allowing further XïY scaling to occur [2]. 

Nonvolatile flash memories (NVM) are used for data storage in, for example, solid state 

drives, USB flash drives, or memory cards. Current devices store data as charges and due to only 

one transistor being required, the device area is small. However, current flash memories suffer 

from high write and read voltages and a slow access time. Currently, the most used NVM device 

is the NAND Flash memory [18]ï[24]. In NAND devices, a floating gate device is used which are 

analogous with MOSFETs except an extra poly-Si layer is added on the bottom oxide and another 

dielectric layer is added below the control gate. This extra layer acts as a floating gate layer where 

a charge is stored allowing for the device to retain a charge even when no power is applied. The 

floating gate device stores this charge in a small flake of polysilicon inside the floating gate that is 

isolated on all sides by insulators [3]. NAND uses FowlerïNordheim (FN) tunneling method for 

programming which allows for low current leakage operations. However, when there is a defect 

in the tunnel oxide, electrons stored in the floating gate can tunnel out through the Poole-Frenkel 

mechanism. To ensure data retention, the tunnel oxide must be thick enough to prevent charge 

tunneling through disconnected defects also known as the óópercolationò mechanism [25]. Any 

tunnel oxides with thickness <8 nm are prone to percolation, so a thick enough oxide is required 

to maintain a leakage free path[3].  
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NAND devices differ from NOR devices, which is another NVM, within the operation 

principle where a NOR flash memory device is programmed by channel hot electron (CHE), which 

is produced by the steep lateral electric field at the drain edge. This allows for random access 

features and allows for faster write and access times. While NAND abandons this feature, using 

the slower FN tunneling, the lower current allows for the parallel programming where a string of 

devices in series is employed uses a block/page mode operation. Consequently, the programming 

speed for NAND flash is several times higher than that for NOR flash and is suitable for handling 

large quantities of data that do not need to be randomly accessed [3]. 

Another advantage for NAND flash is the packing density which is more than twice that 

for NOR. This is because the NAND architecture does not require a contact within each cell, 

resulting in a ~4F2 cell compared to 10F2 for NOR flash [3]. A 4F2 architecture is defined as having 

a memory cell at every crossing of the word line (WL) and bit line (BL), with the cell being 2F x 

2F. While there are many advantages several disadvantages to NAND devices include 

vulnerability to noise for closely packed devices caused by cross talk between neighboring floating 

gates. Another disadvantage is that NAND flash memory must be erased in entire blocks. Thus, 

any rewriting requires all connected devices to be reset. This erasure can lead to memory wear 

issue due to limited endurance of NAND devices. A primary scaling limitation is the high voltage 

that must be sustained during the programming and erase operations. To achieve hot carrier 

programming, a voltage of about 4.5 V is required from the drain to source to produce electrons 

of high enough energy to overcome the 3.2 eV Si to SiO2 barrier height [2]. 

NAND and NOR devices exhibited the same scaling issues seen in DRAM and SRAM 

thus, other options are being investigated for possible replacement of these memory types. For 

standalone applications (NAND replacement), a few conditions must be met. This is because new 
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memory devices can only be integrated successfully in the market if they clearly outperform a 

conventional technology or bridge a gap in the market. Thus, besides the feature size, the 

performance of memory technologies is measured for example in terms of volatility/data retention, 

endurance, power consumption, read and write times, or multilevel capability (programmable 

resolution or number of bits per cell). For NAND devices, current performance allows for a 

maximum resistance ~1 GÝ [26], device scalability of 4-10 F2, endurance of 105 cycles [26], [27], 

programmable resolution of 7 bits [26], [28], [29], write current below 10 µA [27] (with some 

reaching 1 pA [30]), and write speed of in the ms range. Further requirements with respect to 

learning and training programs also require low update stochasticity and moderate linearity [26]. 

From these requirements an ideal memory cell should have low leakage (drain turn-on current), 

fast read current, fast programming speed and low program disturb (band-to-band tunneling 

leakage) [3]. 

A large group of NVM devices including ReRAM, Phase Change Memory (PCM), and 

Ferroelectric FET (FeRAM) have been investigated for NAND replacement, but all fail in one or 

more categories for a direct NAND replacement. As an example, a possible replacement by 

ReRAM devices show them being fully CMOS-compatible with multilevel capability [31], [32], 

3D-scaling capability [33], [34], write voltage being in the range of 1ï2V, write times in sub-

nanosecond range [35], [36], being potentially as fast as DRAM. The energy consumption is as 

low <1pJ/bit for fast switching [37], however most devices perform above 1-10 µA. The endurance 

can exceed 1012 cycles [38] and an extrapolated retention over 10 years at 150 ºC was shown [39]. 

These are good statistics; however, they signify the best in class and still fail in one or more 

categories with significant tradeoffs required to reach these values.  
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With expectations of emerging NVM devices meeting the NAND replacement 

requirements gradually fading away, new NVM technologies saw another potential application as 

a new memory layer within the memory hierarchy to bridge the latency gap between DRAM and 

NAND: storage class memory (SCM). The concept was proposed for some years already [40], 

while no technology came close to its requirement [41]. However, once again, while new NVM 

devices can cover a large portion of the new device requirements a key point is the need for fast 

access times, low current <10 µA, and 106 cycle endurance with certain nonvolatility (months to 

a year). This is substantially more difficult for ReRAM devices, as an example, as devices that can 

switch at sub-10-ɛA operating current there are few reports of long endurance. This is one 

limitation, from a device characteristic point of view, that blocks the way for ReRAM in the stand-

alone application [27]. 

To add onto this, another limitation to data communication and processing is the von 

Neumann bottleneck which limits the throughput of data between memory and processing 

components. This has led to various ways of overcoming this bottleneck including the combination 

of memory and computing functionality within one single unit, also known as In-Memory-

Computing (IMC). This eliminates the power consumption due to data transfer between the 

memory and computing unit, which becomes even more important for large-scale networks. This 

interconnect has led to the possibility of using these NVM devices for Neural Networks (NN) 

which attempt to mimic how the brain computes information with key advantages including vastly 

reduced power consumption.  

Another advantage that emerging NVM devices have, in connection to reduced power 

consumption is a vastly reduced area footprint and the increased information density. One ability 

of select NVM devices is to operate at multiple current or conductance/resistance levels. This 
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allows for multi-bit operations on the same device, saving an even greater area footprint. A further 

increase of information density is gained by the adoption of time dependent information processing 

as performed in spiking neural networks where the temporal correlation between the signals 

contains additional information. The advantages that NVM devices, such as ReRAM, have in NN 

has led to optimization of these devices for these operations and leads into the main bulk of my 

dissertation related to failure analysis of ReRAM devices and how these devices perform in NN 

applications. 

In section 1.2 of this Introduction chapter, I will first discuss the emerging NVM devices 

that can either replace NAND, be used as SCM, or be used in NN applications with a primary 

focus on ReRAM. I will follow this in section 1.3 by giving a Neuromorphic overview or the types 

of NN that are used such as Deep Neural Network (DNN), Recurrent Neural Network (RNN), 

Convolution Neural Network (CNN), and Spiking Neural Network (SNN). Finally in section 1.4 

I will give an overview of the remaining chapters found in my dissertation. 

 

1.2. Emerging NVM Technologies 

In this section an overview of the emerging NVM technologies is explored including Phase 

Change Memory (PCM or PCRAM), Spin-transfer-torque memories (STT-RAM), Ferroelectric 

Memory (FeRAM), Electrochemical metallization cells (ECM or CBRAM), Nanowires, 2-D 

materials, organic materials, and the focus of this dissertation, Resistive Random Access Memory 

(ReRAM). 

 



32 

 

1.2.1. Phase Change Memory (PCM or PCRAM) 

Phase Change Memory devices are based on fast and reversible transitions from a highly 

resistive amorphous phase to a highly conductive crystalline phase. This process is driven by a 

Joule heating effect either through electrical or laser pulses. The most widely researched materials 

for PCM are the germanium-antimony-tellurium (GST) alloys such as Ge2Sb2Te5 and various 

compositional variations including GeSb, GeTe, InGeTe, and InSbGe [42], [43]. The transition 

between amorphous and crystalline allows for a switching between a High Resistive State (HRS) 

and a Low Resistive State (LRS) respectively and due to its non-volatile nature, it maintains this 

state after. 

 

Figure 1-1: Cross-sectional schematic of basic PCM cell structure with a Germanium-antimony-

tellurium  alloy as phase change material. A heater and insulator combination controls current and 

heat flow at the contact of heater region and phase change material creating the active programable 

region in PCM cell. 

 

An illustrated schematic, as seen in Fig. 1-1, shows the PCM being sandwiched between a 

bottom and top electrode. Typically, the phase change material is connected to a heating element 

such that a more controlled amorphous region change is possible. This coordination between 
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bottom electrode and heating element, which confines heat and current, results in a near-

hemispherical shape of the amorphous region (HRS). The LRS state is achieved by crystalizing 

the amorphous region [44], [45]. Typically, for transition into a low resistive crystalline state a 

long current pulse heats the PCM material to a temperature of around 200 ºC [42]. A short current 

pulse with larger amplitude heats the PCM material above its melting temperature in the range of 

600 °C. Rapid cooling results in an amorphous HRS of the phase change material [42]. This 

temperature difference allows for distinct states between LRS and HRS. 

 

Figure 1-2: Cross-sectional schematic of basic PCM cell structure showing (a) a fully set device with 

a highly conductive crystalline material disposition, (b) an intermediate state with differing 

amorphous material volume from a, (c) ñfullyò reset PCM device.  

 

Depending on the applied pulse structure a multitude of intermediate resistance levels can 

be achieved. This corresponds to a change in the hemi-spherical amorphous volume resulting in 

different resistances, Fig. 1-2. This accumulative property arising from the crystallization kinetics 
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can be utilized to implement Deep Neural Network (DNN) training [46], [47]. It is also the central 

property that is exploited for realizing local learning rules like spike-timing-dependent plasticity 

in SNN [48], [49]. One key advantage of PCM devices is their ability to be used as In Memory 

Computing (IMC) devices which can perform certain associated computational primitives in place 

of the memory itself [50], [51]. 

A general overview of the best of class operation specifics related to device reliability 

shows PCM having a maximum resistance ~1 MÝ [26], device scalability of 4 F2, endurance of 

1012 cycles [26], [52], programmable resolution of 5 bits [26], [53], write current around 100 µA 

[53], and write speed of in the ns range. Further requirements with respect to learning and training 

programs show high update stochasticity and poor linearity [26]. 

As mentioned previously, due to a failure of one or more requirements using a PCM device 

as a direct NAND replacement is not advisable. Other issues regarding PCM devices stem from 

the central challenge which is the limited precision arising from the 1/f noise as well as 

conductance drift. This drift is attributed to the structural relaxation of the melt-quenched 

amorphous phase and directly affects retention time [54]. It has also been noted that the retention 

times of intermediate phase configurations could be substantially lower than that of the full 

amorphous state [55]. To counteract this issue many changes to the structure of the PCM have 

been explored. 

The adoption of multiple layers of phase change material could allow different layers to 

serve diverse purposes. This ranges from a thermal isolation layer, an adhesion layer, and a 

nucleation layer that will allow the layer to control the material amorphous area, prevent 

delamination and resulting open circuits, and could support the crystallization of the phase change 

material respectively [56]. Further, to reduce the impact of a major cause of device failure, using 
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alloys that require lower temperature thresholds could reduce the probability of long-range atomic 

diffusion towards the electrodes and phase separation. Another promising solution towards noise 

and drift is that of the projected PCM [57]. In these devices, there is a non-insulating projection 

material wrapped around the phase change material. This allows for different current paths through 

the phase change material or projection material depending on the resistance of the amorphous 

material. Recently, it was shown project PCM could achieve 8-bit fixed point arithmetic, which is 

significantly higher than previously reported distinct level PCMs [58].  

All these solutions show a promising future for PCM adoption while current PCM has also 

shown abilities compared to NAND and DRAM structures in a few cases. For example, by 

exploiting wavelength division multiplexing, it is possible to perform convolution operations in a 

single time step [59]. Another example takes the disadvantage of DRAM capacity where refresh 

rates limit DRAM density scaling. Back in 2012, a hypothetical 64Gb DRAM device would spend 

46% of its time and 47% of all DRAM energy for refreshing its rows, as opposed to typical 4Gb 

devices that spend respectively 8% of the time and 15% of the DRAM energy on refresh [11]. 

Using PCM as a replacement could eliminate the refresh time and energy requirements, but 

previously mentioned disadvantages for PCM still exist.  

 

1.2.2. Spin-transfer-torque memories (STT-RAM) 

Spin-transfer-torque memories (STT-RAM) fall under the concept of a magnetic tunnel 

junction (MTJ) and were first discovered by Michel Jullière in 1975 [60]. However, it took a 

further two decades to achieve a reasonable resistance level and MW at room temperature [61]. In 

Fig. 1-3 a schematic of a typical STT-RAM device shows in Fig. 1-3 (a) two magnetic layers, one 

being a fixed magnetic reference layer, while in contrast the magnetic moment of the so-called 
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free layer can be reversibly changed. Sandwiched between these layers exists a non-magnetic 

insulating spacer typically made of Al2O3 or MgO2. Thus, the fixed layer acts as a spin filter that 

polarizes the electrons tunnelling through the dielectric layer. The tunnel magnetoresistance 

(TMR) of the STT-RAM exhibits LRS when the magnetic moment of the free layer is oriented 

parallel (P), Fig. 1-3 (b), to the fixed reference layer due to the spin-dependent scattering of the 

minority electrons only. When the free layer moment is oriented anti-parallel (AP) to the fixed 

layer, Fig. 1-3 (c), both the minority and majority electrons will be scattered, resulting in HRS [U]. 

These two resistance states can be used to represent ñ1ò and ñ0ò logic states. 

 

Figure 1-3: Schematic of NVM Spin-transfer-torque memory unit showing (a) a pristine device 

where, sandwiched between a top and bottom electrode, a three-material stack of a fixed spin 

ferroelectric, tunneling barrier, and free spin ferroelectric layer is located. In (b), the fixed layer and 

free layer carry the same spin (parallel) allowing for a LRS condition while in (c), the free layers spin 

is opposite (anti-parallel) of the fixed layer causing a HRS condition. 

 

Regarding the electron movement, we know that with the spin oriented in P electrons get 

easily transmitted through the tunnelling barrier, whereas electrons with AP spin get partially 

reflected at the tunnelling barrier. Thus, the AP to P switching relies on majority conduction 

electrons, while the P to AP switching relies on reflected minority conduction electrons [42]. These 

two separate mechanisms constrict the total difference between the AP and P states. This difference 
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between LRS and HRS can be viewed as the MR ratio and is defined by the resistivity between 

LRS and HRS, P and AP. Due to the relatively low nonlinearity of the IV characteristic and the 

comparatively small resistance ratio between HRS and LRS an additional selection device is 

mandatory [42]. High spin polarization factors and resulting large MR of >600% were reported 

for crystalline MgO2 films at room temperature [62], [63] as well as up to 1700% [64]. Long-term 

retention for STT-RAM devices is directly related to the thermal stability (ȹH) of the material, 

which is required to remain above 60. It was found that depending on the memory capacity and 

allowed bit error rate it is possible to reach a data retention of more than 10 years [65]. 

 Scaling for STT-RAM is directly related to the write current which scales linearly 

with device area due to the transferred magnetic moment being directly linked to the current 

density. Thus, STT-MRAM in principle is an inherently scalable memory technology. However, 

as previously mentioned the thermal stability of the material should be maintained above 60 to 

keep retention over 10 years. Therefore, a reasonable cell aspect ratio of 2ï3 must be maintained 

meaning the thickness of the free layer has to increase during geometry scaling. Eventually, for a 

cell width of 10 nm becomes large enough such that the easy axis turns perpendicular, resulting in 

a hard scaling limit [42]. Other issues with scaling include the increased requirement for larger 

arrays of STT-RAM. In these arrays an exponential dependency of the MR on tunneling barrier 

thickness is found, thus an extremely uniform tunneling barrier is required [66]. This is 

exceptionally difficult over large numbers. 

 One solution has been the Perpendicular Magnetic Anisotropy STT (PMA-STT) 

This shifts the spin perpendicular compared to the normal STT-RAM allowing further scaling. 

Functional 11 nm MTJs were demonstrated featuring a double tunnelling barrier [67]. However, 

ȹH of the PMA-STT decreases quadratically with the MTJs diameter. Other situations include 
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disturb effects such as the thermally induced back-hopping effect that can occur directly after 

programming [68]. This can be mitigated by increasing the magnetic anisotropy [69], or by a 

gradually decrease of the switching current to cool down the MTJ before releasing the STT [70]. 

However, both measures affect the writing time [42]. 

(STT-MRAM, are well suited for storage due to their high density, high endurance, low 

write energy, and fast write speeds. However, because STTMRAM traditionally holds only two 

magnetoresistance states, it can be used only as a digital or binary synapse rather than an analog 

one [26]. This leads to a general overview of the best of class operation specifics related to device 

reliability that shows STT-RAM having a maximum MR up to 17X [64], device scalability of 6-

50 F2, endurance of 1012 cycles [71], programmable resolution of 1 bits (however this can be 

increased in arrays which is seen in NAND), write current < 1 nA [72]ï[74], with corresponding 

write speed of in the ns range [72]ï[74]. Further requirements with respect to learning and training 

programs show similar application statistics to NAND structures. 

 

1.2.3. Ferroelectric Memory (FeRAM) 

Ferroelectricity, firstly discovered in 1920 by Valasek in Rochelle salt [75], describes the 

ability of a non-centrosymmetric crystalline material to exhibit a permanent and switchable 

electrical polarization due to the formation of stable electric dipoles [55]. These switchable areas 

or regions of opposing polarization are called domains and by applying an electric field larger than 

the coercive field of the material, switching occurs. This was followed up by the discovery of a 

stable ferroelectric material in barium titanate in 1943 and the commercial availability of 

ferroelectric lead zirconium tantalate FeRAMs in the 1990s [76]. A final major discovery of 

ferroelectricity in hafnium oxide (HfO2) in 2008 and its first publication in 2011 [77] has led to an 
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increased interest in FeRAM. These discoveries have led to the so-called trinity of ferroelectric 

memory devicesðFeCAP, FeFET and FTJðfor beyond von Neumann computing.  

 

1.2.3.1.  Ferroelectric Capacitor (FeCAP) 

The ferroelectric capacitor has been around since the 1950s [78] and commercially 

available since the 1990s. The FeCAPs structure contains a ferroelectric layer that is sandwiched 

between two electrodes, as seen in Fig. 1-4. This ferroelectric layer stores the polarization state of 

the material and can be switched to allow for low and high resistance operation states. The FeCAP 

is connected in series with a transistor in a 1-transistor 1-capacitor (1T1C) design and is controlled 

and switched when an electric field greater than the coercive field is applied the polarization 

switches. With this layout FeCAP and FeRAM have been shown to have fast access speed < 100 

ns, high endurance > 1010 cycles, data retention > 10 years, and lower write/read voltages of ~ 3.3 

V for write and ~1.5 V for read compared to NAND flash memory [79]. A major drawback has  

 

Figure 1-4: Schematic of basic FeCAP device structure organized in 1-transistor 1-capacitor (1T1C) 

configuration. The capacitor dielectric is a ferroelectric layer whose polarization orientation can be 

switched between HRS and LRS by changing the polarity of applied electric field. 
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been the destructive read energy that directly determines the maximum switching current. After 

reading a write-back operation is usually required limiting usage [55]. The need for a large 

capacitor together with a reasonably thin ferroelectric film has limited the current applications in 

niche environments [80]. 

 

1.2.3.2. Ferroelectric Field Effect Transistor (FeFET) 

Different from the FeCAP, a FeFET, Fig. 1-5, features a FeCAP as the gate insulator. This 

allows for modulation of the transistorôs threshold voltage. First proposed in 1957 [81], the FeFET 

shares the major drawback of the FeCAP where the resistance cannot be sensed non-destructively. 

Despite this, encouraging results with large array FeFETs have been observed such as a Perovskite 

based FeFET memory arrays with up to 64 kBit [82] and a HfO2 based, fully front-end-of-line 

integrated, FeFET devices featuring switching speeds <50 ns at <5 V pulse voltage with >1 Mbit 

memory arrays [83] have been observed.  

 

Figure 1-5: Schematic of basic FeFET device structure where the ferroelectric layer is placed on the 

gate. The capacitor dielectric is a ferroelectric layer whose polarization orientation can be switched 

between HRS and LRS by changing the polarity of applied electric field. 
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With the discovery of HfO2 as a ferroelectric material, increased research was invested into 

the material. However, the important prerequisite for the realization of small-scaled FeFET 

devices, with feature sizes <100 nm, is the continued uniform polarization behavior of HfO2 into 

the nano-scale regime. Another important challenge for many application cases is the limited 

cycling endurance FeFETs that is typically in the range of 105 cycles [55]. This value is mainly 

dictated by the breakdown of the dielectric SiO2 interfacial layer that forms between the Si channel 

and the ferroelectric gate insulator. Due to the FeFET being placed onto the transistor any transistor 

scaling limitations also apply to the FeFET with added phenomenon such as the so called ówake-

up effectô with increasing of polarization charges (Pr) for low cycle counts as well as the ófatigue 

effectô resulting in a reduction of Pr at high cycle counts due to oxygen vacancy redistribution [84]. 

In spite of limitations to scaling, a recent HfO2-based FeRAM memory array showed switching at 

2.5 V and 14 ns pulses [85].  

A general overview of the best of class operation specifics related to device reliability 

shows FeFET having a maximum memory window ~102-104 [83] with larger devices performing 

better, device scalability of 4 F2, average endurance of 105 cycles [55], [83], with some reporting 

up to 109 cycles [86],with programmable resolution of 5 bits [26], [53], write voltage between 2.5-

4.5 V [83], write current <100 nA [83], and write speed <50 ns [83]. Further requirements with 

respect to learning and training programs show low update stochasticity and good linearity for 

small device structures [83]. 

1.2.3.3. Ferroelectric Tunneling Junction (FTJ) 

The postulation of the ferroelectric tunneling junction (FTJ) by Esaki in 1970s [87] and the 

first demonstration in 2009 using a BaTiO3 ferroelectric layer [88] has led to a large interest in the 

ferroelectric community. This interest lies in the non-destructive read operation that is not possible 
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in FeCAPs and FeRAMs [55]. Thus, the FTJ requires no refresh operation after read. This is 

because the tunneling current is sensed and the polarization state in ferroelectric switching layer is 

unperturbed [89]. The FTJ cell can be used to store binary and analog information where a 

difference in the tunneling electroresistance (TER) is achieved between LRS and HRS and with 

intermediate states. In contrast to the ferroelectric capacitor based FeRAM concept, the FTJ 

requires no refresh operation after read. Similar to FeCAPs and FeFET the FTJ structure resembles 

a ferroelectric material sandwiched between a top and bottom electrode, Fig. 1-6.  

Typically, a higher TER ratio can be attained for a thicker ferroelectric layer [90]. 

However, the tunneling current densities depend strongly on the thickness of the ferroelectric layer 

and the composition of the multi-layer stacks, where a higher tunneling thickness leads to a reduced 

current density. Although lower current density would be beneficial for realizing a memory device 

with larger capacity and lower power consumption, a current range of several µA is mandatory for 

fast and reliable read operation [90].  

 

Figure 1-6: Schematic of basic FTJ cell structure showing thin ferroelectric layer between two 

electrodes. By alternating polarity of write voltage, the polarization orientation of ferroelectric layer 

can be switched in up and down direction, shown by the blue and red arrow respectively giving rise 

to an LRS and HRS operation state. 
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The ferroelectric material, specifically HfO2, has a stabilization of the ferroelectric 

orthorhombic Pca21 phase in crystallized HfO2 [90]. Thus, any adjustments to improvement to the 

ferroelectric material such as adding dopants, changing oxygen vacancy densities, or inducing 

stress by suitable material stacks can change the phase. While true, most poly-crystalline material 

layers consist of a mixture of different crystalline ferroelectric and non-ferroelectric phase 

fractions [90]. When it comes to benchmarking of FTJs a few trade-offs are observed. In the 

ferroelectric hafnium oxide layers, there is a trade-off between switching speed and applied 

switching voltage [91] with some examples showing switching in the ns-regime [92]. The typically 

measured current density of an FTJ is in the range of 1 ɛA/cm2 [93]. This means that when scaling 

FTJs to the nm regime the currents will drop below ideal operation values. Hence, very precise 

sensing circuitry is required at smaller sizes. Endurance switching has been shown to have 

degradation of the TER after multiple subsequent read operations [94]. A general overview of the 

best of class operation specifics related to device reliability shows FTJs having a maximum 

resistance of ~1 GÝ [26], memory window >30 [95] with larger devices performing better, device 

scalability of 4 F2 [96], optimized endurance of 109 cycles [96] with average endurance orders of 

magnitude smaller, programmable resolution of 5 bits [26], [97], write voltage between 2.5-6 V 

[95], write current is not investigated rather polarization is focused on, and write speed up to the 

ns regime [26]. Further requirements with respect to learning and training programs show 

moderate update stochasticity and poor linearity for small device structures [26]. 

 

1.2.4. Electrochemical metallization cells (ECM or CBRAM) 

Electrochemical metallization cells (ECM) are a type of redox-based switching memory. 

Usually, redox devices are based on the electrochemical processes of oxidation and reduction 
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within the devices. However, rather than by moving oxygen ions, which causes local 

stoichiometric alterations, ECM directly moves metal ions across an insulating layer and forms a 

conductive path by the metal ions themselves [98], [99]. This concept was first called a 

programmable metallization cell [99], [100] and later electrochemical memory (ECM) [101], 

conductive bridge random access memory (CBRAM) [102] (derived as a marketing term), or 

atomic switches [103]. 

 

Figure 1-7: Schematic and switching process for Electrochemical Memory (ECM) devices. A 

pristine device (a) with solid electrolyte is sandwiched between an active (Ag+) electrode and an inert 

(Pt) electrode.  Set operation (a)-(c) follows ionic movement of metal cations creating a bridge 

between the two electrodes setting it at LRS. Reset operation (c, d, a) follows a dissolution/break 

down of the filament returning the device to HRS. 
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In ECM cells, the overall cell resistance depends on the electrocatalytic activity between 

the two electrodes sandwiching a solid electrolyte [104], Fig. 1-7, and the diffusion rate of the 

material atoms. These two electrodes are called the active and counter electrode where during 

switching a metallic filament is found based on the active electrode ions [105]. Electrochemically 

active metals, such as Ag, Cu, Fe, or Ni are typically employed as the active electrode [106], [107]. 

The counter electrode is made by inert materials like Pt, Ru, Pd, Ir, TiN, or W [107], [108]. 

Electrochemical reactions at the electrodes and ionic transport within the device are triggered by 

an applied voltage causing the formation of metallic filament (bridge) [109]. This process as 

followed in Fig 1-7 shows (a) a pristine device, (b) activation of movement by the active electrode 

ions through the electrolyte and finally (c) formation of a filament (or bridge) between the 

electrodes. This is known as the SET process (b)-(c) and typically involves multiple individual 

electrochemical processes such as ionization of the active electrode, diffusion of metal cations in 

the oxide electrolyte and finally nucleation/growth at counter electrode. The RESET process 

involves a reverse potential being applied where opposite ionic transport of the metal cations 

begins where the bridge is (c) broken down and finally (d) all the cations return to the metal active 

electrode. SET and RESET can be labelled as the LRS and HRS states respectively and depending 

on where the electrochemical process is stopped many intermediate internal resistance levels are 

possible [106], [110]. 

From this, ECM devices provide advantages compared to other NVMs. They operate at 

low voltages (Ḑ0.2 V to Ḑ1 V) and currents (from nA to ɛA range) allowing for low power 

consumption [55], the devices are stable against radiation/cosmic rays, high energy particles and 

electromagnetic waves, and can operate over a large temperature range [111]. However, scaling 

the device thickness down has led to very thin filaments that are extremely unstable and dissolve 
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fast reducing long-term retention [112]. Further on with scaling issues, we see increased electric 

fields, despite low absolute voltages and currents, of up to 108 V cmī1 and current densities of up 

to Ḑ1010 A cmī2 [55]. Endurance issues with respect to deviation in switching due to ion doping 

(enriching or depleting) can lead to variability in voltages and currents and finally failure [55]. 

Again, impurities or dopants can significantly alter the characteristics due to effects on the 

switching layer [113] or on the electrodes [107]. Active steps must be taken during the fabrication 

process to insure the correct doping concentrations as well as any oxygen contamination, 

particularly on the active electrode [114]. 

A general overview of the best of class operation specifics related to device reliability 

shows ECMs having a maximum resistance of ~10 MÝ [26], memory window >104 [115], 

optimized endurance of >109 cycles [116], programmable resolution of 9 bits [117], write voltage 

< 3 V [115], write current around 10 nA [116], and write speed µs regime [26]. Further 

requirements with respect to learning and training programs show low update stochasticity and 

good linearity [26]. However, one thing to note is the size of these devices. On average best of 

class devices usually have an active area around 0.5x0.5 mm due to the large size of atoms being 

moved [115]. This is vastly larger than most other devices that have been discussed before. This 

limits these devices in niche environments where device area plays a large role. 

 

1.2.5. Selectors 

Memory devices have inherent device leakage and variability, and when placed in arrays 

where word and bit lines interconnect multiple devices sneak paths can be created that could lead 

to interaction with neighboring devices. These interactions include set and reset voltage 

distributions for the write operation that could lead to disturb effects that would alter the logic state 
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of the actively accessed device or its neighboring cells [90]. While there are several examples 

where the memory element itself meets the requirements for array operation [118]ï[120], i.e., no 

neighbor disturb effects, most devices do have issues in arrays and thus a device is needed that 

will reduce/remove these disturb issues. One such type of device are selectors. These devices add 

an increased asymmetry or nonlinearity in the I-V characteristics to help further reduce sneak 

leakage paths to ensure the operation of passive crossbar arrays [121]. Crucially, these devices 

need to be compatible with manufacturing process of the NVM they are working with.  

 

Figure 1-8: Effect of selectors that reduce leakage current and crosstalk between devices due to their 

non-linear IV characteristics. (a) shows a unidirectional selector that only allows current through in 

one direction after a certain threshold. (b) shows a bidirectional selector that mitigates current 

leakage between a certain negative to positive range around 0V. And finally (c), which shows a 

hysteresis type selector that limits current up until a critical threshold and allows then allows current 

flow up until a drop in voltage where another lower critical voltage threshold is reached where the 

current leakage is blocked. 

 

Various examples such as diodes and tunnelling diodes [122], unipolar ReRAM crossbar 

array with oxide diodes developed by Samsung [123], bidirectional varistor [124], and NbO2 [125], 

[126] have been proposed. These device IV characteristics can be observed in Fig. 1-8, where Fig. 

1-8 (a) shows the effect of a unidirectional selector that reduces leakage current in the positive or 

negative direction. Fig. 1-8 (b) shows a bidirectional selector that blocks/reduces current leakage 

in a select range of voltages around 0 V. These two types of selectors can either be represented by 
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diodes or transistors however due to limitations in transistor scaling alternatives are being 

investigated. Finally in Fig. 1-8 (c) selectors such as NbO2 and complementary devices, when 

added in series with memory devices, show a hysteresis type effect in both the negative and 

positive voltage directions where current is blocked until a certain threshold voltage and then full 

current flow is observed. NbO2 switching is due to joule heating in an electro-formed filament. 

The conductivity of the device increases suddenly when exceeding a certain threshold voltage and 

results in the NbO2 switching to another physical orientation. The origin of the effect can be 

explained by the occurrence of a negative differential resistance region in the IV-characteristic of 

the device [127]. The conduction mechanism behind this, for some larger scale NbO2, has been 

reported as a thermally assisted feedback based on Poole-Frenkel conduction [128], [129]. Smaller 

scale NbO2 devices have shown ohmic responses [126]. To act as a selector the device is placed 

in series with a NVM device. 

Another way that hysteresis type selectors can be used have been shown in complementary 

resistive switch (CRS) devices. These devices were first proposed in [130] and involves two 

resistive switching devices connected back-to-back. One device is referred to as memory cell 

which stores the data while the other device referred to as the switching cell holds the 

complementary data [90], [130]. However, one downside is that multiple steps are required to 

complete the read and depending on when the selector threshold voltage exist could result in a 

destructive read. This results in the drawbacks of poor endurance and slow operation speed. 

 

1.2.6. Future Emerging NVM Technologies 

While emerging NVM technologies continue to improve and find applications in neural 

networks there are some interesting future NVM technologies that, while not reaching minimal 
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benchmarking characteristics for standard use, do promise improvements in cost, ease of 

deposition, area, and comparisons with biological applications.  

1.2.6.1. Nanowires and Nanowire Networks 

One of these future NVM technologies are nanowire (NW) devices. These devices are a 

collection of individual nano-scale wires either group together as a bridge [131] or placed on top 

of each other to function like a combination of synapses and neurons [55]. Single NWs show 

filamentary formation and rupture capabilities across the insulating shell and to breakdown events 

followed by electromigration effects in the formed nanogap [55]. However, in most cases multiple 

NWs are grouped together and the interaction between NWs is the main focus [132]. For NWs that 

are piled together, multiple self-organized NW networks have been reported [133], [134] which is 

similar to our brain and considered as a reasonable comparison to biological circuitôs optimization 

of information transfer and processing.  

In [131] a layer of TiO2 NWs was fabricated on graphene oxide and connected between Au 

and Si layers. These devices were able to switch and carry a memory window ~3. While early 

results are promising many downsides were shown including endurance drift, low retention time, 

and large required switching voltages (~10 V). The device size was also of concern with the NWs 

themselves being ~1 µm. 

 

1.2.6.2. 2D Materials 

Two dimensional (2D) materials represent a novel class of materials and show many 

promising properties due to their unique physical, chemical, and electronic properties. These 

include their atomically thin geometry, superior thermal stability, massive surface-to-volume 
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ratios, favorable transport properties, and exceptional mechanical flexibility/strength [135]ï[137]. 

Another interesting aspect of 2D materials is when multiple distinct 2D layers are stacked on one 

another it enables creation of diverse van der Waals (vdW) heterostructures [135]. When these 

stacks are combined in different orders the device can possibly retain and exhibit additional 

intriguing properties [55].  

2D material switching has been reported with conductive filament creation [138], charging-

discharging [139], and grain boundary migration [140], and lattice phase transition in both planar 

and vertical devices [55]. All these switching mechanisms as well as monolayer 2D fabrication 

[141] leads to serious challenges that must be overcome. These challenges include yield and 

reliability issues such as no current research showing endurance larger than 106 cycles. Deposition 

of these materials shows difficulty in single crystal growth and deposition uniformity is a vital 

concern. Due to their small thicknesses 2D materials have issues with characterization tools such 

as with the extrinsic scattering of defects and surrounding dielectrics, which are extremely difficult 

to eliminate in experiments, that could lead to the underestimation of the mobility [136]. As this 

is an emerging technology stability studies of the resistive states was not always demonstrated in 

multilevel resistive switching devices reported so far.   

 

1.2.6.3. Organic Materials 

The use of organic materials in semiconductor processes have drawn considerable interest 

due to their high mechanical flexibility, simple production methods, and low costs [142]. This has 

led organic semiconductors (OSCs) to emerge as a candidate material for artificial synaptic devices 

owing to their low switching energies, facile ion-migration, and wide-range of tunability since 
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both chemical and microstructural control over the materials can dramatically influence device 

performance [55]. Examples of OSCs can be found with two-terminal devices utilizing filament 

formation [143], charge trapping [144], and ion migration. A three-terminal transistor-like 

architecture with an ion-gated electrochemical transistor can be found in [117]. 

 However, challenges and difficulties lie ahead for OSCs with regards to the speed 

of device operation, the fabrication density, and the integration with traditional digital systems. 

The switching speed of most organic material are marketable slower than other NVM with electron 

and ion mobility limited to 200 ns write operations and <1 ɛs read-write cycle [145]. The 

incompatibility of OSCs and certain mainstream solvents and photon wavelengths used in 

traditional photolithography has greatly limited its application size. Finally, the integration of 

OSCs with traditional digital systems faces harsh challenges with respect to temperature 

degradation. If OSCs are to be integrated with matured CMOS, surviving at a BOEL temperature 

typically in the range of 400 ºC is needed. This is far higher than most OSCs can handle due to the 

electronic properties of OSCs typically degrading at elevated temperatures, typically >150 ºC, due 

to phase transitions or temperature-induced morphological changes [55]. A recent study [146] 

showed a polymer blend of diketopyrrolopyrrole-thiophene and poly(N-vinyl carbazole) that was 

able to maintain robust independent mobility up to 220 ºC. This is a promising development for 

OSCs, but further development is needed. 

 A final remaining challenge for OSCs is long-term device reliability. The stability 

and resistance state retention for OSCs are susceptible to degradation due to interfaces being 

susceptible to the formation of traps resulting from exposure to oxygen or moisture. In the end 

inorganic materials possess a notable advantage in switching stability when compared to organic 
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materials and until the above-mentioned difficulties are addressed it is not feasible for NVM 

replacements. 

 

1.2.7. Resistive Random Access Memory (ReRAM) 

Resistive Random Access Memory (ReRAM) devices switching characteristics are based 

on the movement of ñdefectsò. While the usage of defects in memory devices is not unusual, the 

movement itself is unique and depending on what defects are used different switching properties 

are observed. We have seen this in the previous ECM section where metal cations are the ñdefectsò 

that are introduced into the electrolyte layer. In the case of Valence Change Memory (VCM) the 

movement of oxygen ions or oxygen vacancies are the key switching driver [20].  

In most cases VCM devices consist of an oxide layer sandwiched between two electrodes. 

The reaction between interfaces and defect concentration impact switching characteristics. A 

bottom electrode (BE) with a high work function, materials such as Pt or TiN, are used which 

forms a Schottky interface with the oxide layer (or Switching Layer [SL]) [104].  In most material 

cases, an electro-chemically active top electrode (TE) with high oxygen affinity is then used to 

allow redox or oxygen ion movement between the oxide and top electrode [147], [148]. Thus, by 

modulating the electrostatic barrier at the Schottky interface (BE-Oxide interface) the migration 

and redistribution of oxygen vacancy defects is performed [149]. Various oxide materials have 

been studied and reported since the 1960s such as Al 2O3, NiO, SiO2, Ta2O5, ZrO2, TiO2, and Nb2O5 

[150]ï[153] with HfO2 later utilized due to fab integration familiarity sparking extensive ReRAM 

research [27]. The key advantage to VCM ReRAM devices is their ability to control the oxygen 

movement to allow for the ability to modify its conductance as a function of incoming electrical 

pulses. This can lead to an analog switching performance used for long and short-term potentiation 
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and depression operations [55]. From this ion movement, a few types of VCM devices are plausible 

including interfacial VCM, redox transistors, and filamentary ReRAM. 

 

1.2.7.1. Interfacial VCM  

Interfacial VCM devices involve the introduction of multiple oxide layers allowing oxygen 

movement between these layers. A simplified schematic of an interfacial VCM device is shown in 

Fig. 1-9. The introduction of two separate oxides allows for a change in interface mechanics inside 

the switching layer. This establishes a control barrier where the oxygen movement can be adjusted 

systematically based on electrical pulsing conditions. A homogenous oxygen ion movement 

through the oxides, either at the electrode/oxide or oxide/oxide interface is postulated [55]. In 

general, the movement of oxygen leads to a difference in the oxygen concentration changing the 

conductance of the SL.  

 

Figure 1-9: Schematic of Interfacial ReRAM device. Movement of oxygen anions between oxide 

layers controls conductance of device.  
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Interfacial VCM devices have shown great affinity for NNs due to their precise control of 

oxygen movement for linear potentiation and depression applications. This is because they show 

low switching variability, low read instability, and improved analog tuning compared to 

filamentary devices [154]. Some major disadvantages that have been shown include lower 

retention and endurance (106) [155] with very large device area footprint (>µm2) [156]. Most 

recent examples include complex oxides such as bismuth ferrite [156] and praseodymium calcium 

manganite [154]; or bilayers stacks such as TiO2/TaO2 [157] and Si/TiO2 [158]. A recent study 

[155] was able to achieve at least 8 distinct levels of resistance with 106 endurance cycles using a 

tri-layer oxide stack including ZrOx /AlOx /HfOx. However, large device area size and high voltage 

(15 V SET) hamper these devices from CMOS integration. Most Interfacial VCM devices have 

also only been shown in single device operations limiting it as an emerging NVM device type. 

 

1.2.7.2. Redox Transistor (RT) 

Three-terminal VCM redox transistors (RT), as shown in Fig. 1-10, are comprised of a 

multi-layer stack of oxide layers with an electrolyte layer in between placed on a transistor. The 

switching mechanism is postulated to be related to the control of the oxygen vacancy concentration 

in the bulk of the transistor channel [159]. As electrical pulses are performed, oxygen ions move 

between the transistor channel and electrolyte layer allowing for a shift in conductance. Many 

metal ion RTs have been shown with Li mobile ions and a LiPON electrolyte [160]. While some 

estimations for how switching can occur are reported, the understanding of the driving force that 

leads to the valence change of the channel or the governing factors modulating the capacitance has 

not yet been elucidated. Due to the device structure, the velocity of the ions is not controlled by 

Joule heating. Thus, the voltage needs to be increased more than in filamentary devices, to operate 
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the devices at fast speed [161]. Despite this, the addition of transistor control allows for the 

tunability of conduction states. Higher resistance values, improved reliability, and reduced 

stochasticity with respect to filamentary devices was also observed [162]. The major disadvantages 

are device area footprint and voltage requirements for high pulse speed. 

 

Figure 1-10: Schematic of Redox Transistor where device is connected to transistor. Oxygen is moved 

between electrolyte and transistor channel. 

 

1.2.7.3. Filamentary ReRAM 

Filamentary ReRAM devices consist of a simple metalïinsulatorïmetal (MIM) structure 

where an active switching layer, typically a transition metal oxide (TMO) insulator, is sandwiched 

between two electrodes. This can be seen in Fig. 1-11 (a) where a pristine device, containing a 

sub-stoichiometric switching layer, is located between two electrodes. This material type allows 

for the presence of oxygen vacancies that are used for electron transport between the two 

electrodes. ReRAM devices commonly use active metals such as Ta, Hf, Ni, Al, Cu, W, or Ti [39], 

[163]ï[165] as the ohmic TE and more inert Pt or Au [166], for their high work function, as a BE 

to guarantee an appropriate Schottky barrier [167], [168]. The switching process consists of the 
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creation and destruction of a conductive filament that bridges the BE and TE [92], [169], [170]. 

This conductive filament consists of oxygen vacancies or ñdefectsò that will group together as seen 

in Fig. 1-11 (b). When the device is first formed, oxygen is moved towards, and stored in, the more 

active electrode and results in a filament of oxygen vacancies being created. This results in a LRS 

configuration that allows easy electron movement. The destruction of the filament is achieved by 

switching the polarity of the applied electric field. This causes the negatively charged oxygen 

anions to move back towards the BE and recombine with oxygen vacancies recreating the metal-

oxide in that location [20]. When enough oxygen anions move back the filament breaks and a gap 

is created (Fig. 1-11 (c)). These processes are called Forming, where scattered vacancies gather 

into a filament, reset, where the filament breaks due to returning oxygen ions, and set, where the 

filament is reestablished. Switching between set and reset can be continuously done and is known 

as endurance cycling. 

 

Figure 1-11: Schematic of Filamentary ReRAM Device. A pristine device (a) containing a sub-

stoichiometric transition metal oxide is used as a switching layer between two electrodes. Forming 

(b) occurs when an electric field is applied to the device and oxygen anions move towards the top 

electrode creating a filament of oxygen vacancies. An opposite electric field is then applied to cause 

reset (c) where the oxygen anions move back and interact with oxygen vacancies creating a gap that 

reduces conduction of device. Set (b) is the same as forming and is interchangeable with reset allowing 

for switching between different conductance levels. 
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Ideally, the active electrode would be made up of a noble metal. This is because when the 

oxygen anions reach the anode, during reset, they stay as separate atoms rather than bonding to the 

electrode. Noble metals do not react with oxygen, and thus are suitable as electrodes as they 

preserve oxygen atoms for reservable switching [27]. However, implementation of some noble 

metals at electrodes is difficult due to their inability to be easily integrated in a conventional CMOS 

process.  

As the most mature type of VCM, Filamentary ReRAM devices have been shown to be 

integrated with CMOS processes while maintaining key benchmark characteristics. Despite this 

many issues still exist. These include weak control of multi-level operation, device variability, 

program and read disturbs, and intrinsic stochasticity [171]. Due to the inherent Joule heating 

effect, the transition time of the conductance switching is very short and depends strongly on the 

device state [172]. This difference between abrupt filament creation and more controlled rupturing 

needs to be addressed if filamentary ReRAM devices are to be used for neuromorphic applications. 

Another thing to note is that to achieve the low power operation requirements of NNs the resistance 

state values should be moved to the Mɋ regime. To improve upon the current working devices the 

selection of material for the BE, TE, and SL becomes increasingly important. Thus, the 

engineering efforts are mostly focused on how to better control the filament creation and switching 

to improve the uniformity and stability. While a brief look into certain engineering efforts is 

examined in this section a more in depth look into the selection of material types for the BE, TE, 

and SL is discussed in Chapter 2 while a look into parameter optimization is examined in Chapter 

3.  

As filamentary ReRAM devices change their conductance with the location and 

concentration of defects the stability of the filament can also be controlled. The filament diameter 
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(or size) scales with the maximum forming and switching current and with a larger area the stability 

is increased. However, with increasing bit density requirements for ReRAM, the switching current 

itself needs to be scaled down, preferably below 10 ɛA, for mass storage or SCM [27]. Even for 

NN applications a lower energy and current requirement is preferable. This leads to the use of 

small unstable filaments. To counteract this, control over defect concentration in pristine devices, 

by doping or changing oxygen concentration, is used to allow for lower energy usage within similar 

material stacks. However, a correlation between increasing nonuniformity and much shorter 

retention time is found when the number of defects is scaled [173], [174]. To counter engineer this 

switching current issue, many different switching and forming operations were proposed such as 

forming with multiple step [175] and at higher temperatures [176]. 

This leads to another issue with filamentary ReRAM devices. The initial forming process 

requires a much larger applied voltage to break the bonds of the oxygen ions then are used during 

switching (usually in the order of >2X larger than set/reset voltages). To reduce or even eliminate 

the forming process either thinning the switching layer or adding more defects during fabrication 

is suggested. However as previously discussed switching characteristics are changed and a 

reduction in the HRS/LRS ratio is observed [177]. Another disadvantage is that these devices 

would inherently contain more defects leading to an increased leakage current possibly causing 

unwanted switching or increased energy demands. 

While most of the discussed switching applications for ReRAM involved a switch in the 

applied electric field potential, which is mainly observe in bipolar filamentary ReRAM, unipolar 

switching devices are also utilized. This involves using only one electric field potential direction 

where forming, set, and reset are performed [178]. While this allows for a more simplified circuit 

application, bipolar switching is regarded more sustainable over set/reset operations [27]. One key 



59 

 

advantage is longer endurance where cycle limits >1010 cycles are reported [179]ï[182] compared 

to 105 cycle endurance [183]. Another is switching current and speed, where unipolar devices share 

an imbalanced set and reset where reset is generally slower than set and the energy of reset is larger 

[178], [183].  

Application to improve device performance and stability include adding another active 

electrode in contact with the SL, such as Ti on HfO2. Adding this metal (Ti) allows for a certain 

amount of oxygen to be extracted from the HfO2 lattice [184]. Owing to the oxygen scavenging 

effect, an oxygen gradient is formed at the interface between the active electrode and metal oxide. 

This interface layer, referred to as the oxygen exchange layer (OEL), serves as an oxygen reservoir 

during set/reset operation [27]. It stores oxygen after set and supplies oxygen during reset. This 

allows for more controlled movement of oxygen ions. In this sense, the electrode is part of the 

switching stack, rather than merely an electrical contact allowing for the top electrode to be 

replaced with something for fab friendly for continued integration with CMOS technologies.  

Another application similar to interfacial VCM devices is the use of oxide-to-oxide stacks. 

This involves placing two layers of the same oxide with different stoichiometries such as 

TaOx/Ta2O5 or WOx/WO3 [27]. With the asymmetry of oxygen contents, one of the layers acts as 

an oxygen reservoir due to their chemical potential difference for oxygen to metal bonding. 

Another thing to note is that two different thermodynamic energy states are created. This leads to 

a more controlled Joule heating in the switching layer. For NN applications the ability to control 

the filamentary characteristics allows for a large range of conductance levels is a great advantage. 

However, tunable stability of the weights to implement various dynamics and timescales in 

synaptic and neuronal circuits are required [185], [186]. This brings back the issue of device 

instability, primarily in HRS, and the abrupt setting of the filament that is observed.  
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A general overview of the best of class operation specifics related to device reliability 

shows filamentary ReRAMs having a maximum resistance of ~1 MÝ [26], memory window >100 

[187], device scalability of 4F2 [26], optimized endurance of 1012 cycles [26], [38] with average 

endurance orders of magnitude smaller, programmable resolution of 8 bits [32], write voltage 

between 1-2 V [26], write current at around 1 µA [188] with most devices still >10 µA, The energy 

consumption is as low <1 pJ/bit for fast switching [37], and write times in sub-nanosecond range 

[35], [36], [180]. Further requirements with respect to learning and training programs show high 

update stochasticity and poor linearity for small device structures [26]. Major issues still exist for 

ReRAM and most applications for better performance require specific program schemes such as 

read verification after set/reset switching increasing the write time and latency. 

 

1.2.8. Comparison Between NVM Devices 

Throughout this section a best of class operation was researched with regards to specific 

parameters. These parameters include requirements with respect to memory as well as for 

neuromorphic applications. Regarding direct memory replacement or usage in SCM the maximum 

resistance, memory window, device scalability, endurance, programmable resolution, write 

voltage, write time, and write current are considered. An additional parameter is the device area. 

Concerning neuromorphic applications involving training and inference, which will be expanded 

on in section 1.3, each require a good control over updating of weights in linear, symmetric, and 

with low stochasticity. Table 1-1 shows a brief overview regarding best of device characteristics 

as well as the major drawback each device has. To note is that most parameters were heavily 

improved at the expense of other factors such as the tradeoff between endurance, memory window, 

and retention.  
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Table 1-1: Summary of NVM device parameter performance. 

 

 

When comparing the devices for applications we can see that most devices do not 

outperform NAND flash in all departments with some failing in multiple cases. This leads to 

comparison with regards to neuromorphic applications where the best performing NVM have 

device scalability issues. With regards to PCM and STT-RAM, which can be viewed as the most 

mature of the emerging NVM (eNVM) devices, we can see the inability to switch into multiple 

states successfully as well as PCMs drifting issues leading it to being overlooked for training 

applications [90]. PCMs abrupt reset operation also takes away from the device symmetry and any 

solutions involve increased device size [189], [190]. Thus, PCM devices might be most suitable 

for IMC applications. Ferroelectric devices show good operation performance including device 

longevity and the improved controllability of FeFET in gradual conductance changes [191] make 
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them a prime candidate for neuromorphic training and inference applications. However, a major 

stumbling block is maintaining these parameters while reducing the large area overhead the 

ferroelectric devices have. 

ECM have similar issues as compared to ferroelectric devices. The ability to involve large 

number of particles for conductance changes indicates the improved controllability compared to 

ReRAM devices. Having good linearity, symmetry, and low stochasticity allows these devices to 

be used for training and inference applications with the major downside being the size of the 

device. Finally, ReRAM device show comparatively greater impact with regards to most device 

requirements however, the major roadblock is the inherent variability that is found.  This comes 

from the comparatively low number of fundamental particles that are involved in the switching 

process [192]. While there have been usages of different materials or stack designs to limit the 

variability, most suggestions lead to degradation of other parameter performances. Another issue, 

similar but opposite to PCM, is the abrupt set operation that is difficult to overcome.  

In general, STT-RAM devices lean more towards IMC, SCM, or NAND replacement. 

Ferroelectric devices lean more towards training and Spiking Neural Network (SNN) applications 

while PCM and ReRAM, due to their variability, lean more towards the less intensive but speed 

driven inference applications. 

 

1.3. Neuromorphic Overview 

Neural Networks (NN) are biologically inspired by the brain and function based on the 

synaptic interface that occurs between neurons. NNs are algorithms that label or group data. They 

are designed to recognize numerical patterns contained in vectors based on real-world data (e.g., 
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images, sounds, text, etc.). This is done by processing data through multiple layers, as seen in Fig. 

1-12, where a basic Artificial Neural Network (ANN) includes an input layer, hidden layer, and 

output layer.  

 

Figure 1-12: Schematic of basic Artificial Neural Network (ANN) where an input is run through a 

series of neurons that are arranged into three layers. The input layer, hidden layer, and the output 

layer. This process gives an output that is a statistical approximation of what input could be. 

 

In general, NNs operate in the same way as most other machine learning applications. This 

involves two main phases, training, and inference. In the training phase, Fig 1-13 (a), a large set 

of similar data is input into the NN so that it can ñlearnò everything it needs to about the type of 

data it is analyzing (e.g., training a NN to know what a specific animal looks like by feeding it 

images of that specific animal). This is done by the adjustment of the weights of synapses at each 

layer as each subsequent dataset is used. As these weights are updated the NN will become either 
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better or worse at predicting what the dataset is providing until a final NN is found with any 

subsequent evolutions not improving accuracy. This involves a lot of trial and error (e.g., large 

datasets) until the network can accurately draw conclusions based on the desired outcome. Then, 

in the inference phase, the finalized NN can make predictions based on live data to produce 

actionable results. From this it can be seen that inference cannot happen without training, thus 

shifting the device requirements each need to possess. 

For training applications, accuracy is the most crucial requirement. This is because the 

training process is foundational for any inference processes. Thus, precise weight tuning is 

essential, where larger amounts of analog conductance states can greatly enhance the NNôs area 

and energy efficiency. The device used as the neuron should have high endurance and low write 

latency so that it can be trained reliably and efficiently over many examples in a large dataset. Due 

to this, the device must also have long retention with any drift only happening over a sufficiently 

long timescale. Low conductance is also strongly desired to limit parasitic voltage drops along the 

interconnects. This enables the use of larger Vector Matrix Multiplications (VMMs), which will 

be discussed in chapter 4, within a crossbar array [193] that greatly enhance computations and 

energy efficiency. Cycle-to-cycle noise, inaccurate weight programming, and drift can all 

accumulate to pose a serious challenge to the signal-to-noise ratio of VMM operations in large 

crossbar arrays [26]. From this the device should also have low write energy, current, and voltage 

to minimize any charging or parasitic capacitance throughout the arrays. To train accurately, the 

device should have a gradual and linear response to the programming pulses used to update the 

weight (e.g., the same magnitude of conductance change for the same strength of the pulse, 

regardless of the initial state) [46]. This will be further explained in chapter 5. 
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Figure 1-13: Representation of the (a) training and (b) inference process. In the training process a 

large similar dataset is used to ñtrainò the NN into recognizing what the dataset represents. While 

the inference process uses the optimized training NN to recognize real time data inputs. 

  

Less stringent requirements are needed for inference applications. However, the device 

must have at least two reliably distinguishable conductance states. While not strictly necessary, 

memory elements with relatively low cycle-to-cycle variability or noise are preferred to realize 

multiple bits of weight information in a single device to gain more accurate approximations. A key 

requirement for inference operations is the write speed and energy. This is because inference is a 

continuous process that takes real-time data. Take for example self-driving cars. They use a 

constant, real-time, view of their surroundings looking for specific inputs such as stop signs or 

other cars. A very fast speed is needed to process the data and return a signal to stop the car in 
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time, while a low power consumption allows for longer operation and more application points. 

Recent studies have demonstrated the varying degrees to which these networks can tolerate weight 

and activation noise introduced by the physical hardware implementation during inference [194].   

The push for higher efficiency, lower latency, and lower power consumption NNs have led 

to the requirements for larger and larger array sizes for vaster VMM operations. Using eNVMs 

allows for increased information density and reduced data transference latency due to their IMC 

abilities will allow for greater savings. Further differentiation between NNs can also allow for the 

adoption of time dependent applications found in SNNs and the use of recurrent information as 

seen in Recurrent NNs. In the remainder of this section an overview of Deep (DNN), Recurrent 

(RNN), Convolution (CNN), and Spiking Neural Networks (SNN) is given. 

 

1.3.1. Deep Neural Networks (DNN) 

The brain has 86 billion neurons, with around 7000 synapses each on average. Real-time 

simulation of such a system with a resolution of 1 millisecond would require over 600 PetaFLOPS 

of operations per second [55]. This vast requirement has led to NNs aiming to optimize specific 

operation functions. One way to optimize NN accuracy is with the use of multiple hidden layers. 

This is called a Deep Neural Network (DNN) and can be seen in Fig. 1-14. The word ñdeepò refers 

to the number of hidden layers i.e., depth of the neural network. Essentially, every neural network 

with more than three layers, that is, including the input layer and output layer can be considered a 

DNN. The purpose of having one or more hidden layers in a DNN is to convert the input into 

representations that are more amenable to making a correct prediction [26]. Additionally, a 

nonlinear function is essential in ensuring that the multiple layers in the network cannot be trivially 

collapsed into an equivalent single-layer linear network. This can be found in equation (1) below: 
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 ὼ Ὢὡ ὼ ȟ ( 1 ) 
 

 Where W is the weight to be applied to the neuron, x is the layer location, and l is 

the layer number. There are two main propagation directions that can be used including forward 

and backward propagation. In mainly inference operations only a forward propagation is required 

as the information travels through the NN. In training, backward propagation is also required to 

backpropagate the error amount that the image gave causing a change in weights across the NN to 

occur. This process can be seen in the following equations: 

‏  ὡ ‏ ṩὪ ὡ ὼ ȟ ( 2 ) 
 

 Ўὡ ‏– ὼ ȟ ( 3 ) 
 

 Where ɖ is the learning rate of update frequency and the updating of weight is the 

dot product between two vectors. As more layers are added to NNs to allow for more precise and 

specified operations the energy and area intensity of NNs increases. However, since VMM 

calculation accounts for the majority of computation during inference and training of deep learning 

algorithms, IMC device designs are being investigated more heavily [26]. Monolithically 

integrated IMC chips with large and tiled crossbar Deep Learning models (e.g., ResNET50) are 

still under-explored, and the accomplished tasks are limited to relatively small dataset (e.g., 

MNIST, CIFAR10) rather than handling large workloads (e.g., ImageNet) [26]. While IMC 

designs include many issues as discussed in section 1.2, they do allow for improved layer operation 

and optimization. This improvement, however, still hits roadblocks with requirements for data 

transfer between layers and as more complex circuits are designed the need for more DACs and 

ADCs have led to area footprint issues as ADCs account for most power and area overhead [195]. 
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Figure 1-14: Schematic of a Deep Neural Network (DNN) where multiple hidden layers are used with 

ñdepthò determined by the specific number N of layers. 

 

1.3.2. Recurrent Neural Networks (RNN) 

Recurrent Neural Networks (RNN) are NNs that reuse activation functions from other data 

points in the sequence to generate the next output in a series. Recurrent neural networks are 

designed to interpret temporal or sequential information. These networks use other data points in 

a sequence to make better predictions. They do this by taking in input and reusing the activations 

of previous nodes or later nodes in the sequence to influence the output. An example of a RNN 

application would be for autocorrect. A RNN would take a word such as ñThesixò and suggest 

words that might be the correct approximation for this. It does this by taking each subsequent letter 

as input groups starting from T, then Th, etc. until multiple predictions can be made as it tries to 

finish the word such as Thesis, The six, and These. Depending on the complexity of the NN input 

connotations can be made in sentences where the RNN looks around the word that is misspelled 
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or other connotations such as the fact that I am writing my thesis so the word should be ñThesisò. 

Thus, to deal with temporal or sequential data, like sentences, we must use algorithms that are 

designed to learn from past and future data in the sequence. This can be seen in Fig. 1-15 where 

one type of example of a RNN is shown where the hidden layers can reuse the output of the hidden 

layer to update the probability to find better options. Recurrent neural networks handle complex 

behavior such as those found in music or language by employing the feedback connections 

between different layers of the NN [196].  

 

Figure 1-15: Schematic of Recurrent Neural Network (RNN) with recurrent processes placed on the 

hidden layer. 

 

1.3.3. Convolutional Neural Networks (CNN) 

A Convolutional Neural Network (CNN) is a Deep Learning algorithm which can take in 

an input image (usually in a grid-like topology), assign specific importance to various aspects in 

the image and be able to differentiate one aspect from the other. One main function CNNs are used 

for is edge detection for image processing. In general, multiple convolution layers are used to 
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represent data points such as edges, color, gradient orientation, etc. CNN is typically composed of 

three types of layers: convolution, pooling, and fully connected (FC) layers. The first two, 

convolution and pooling layers, perform feature extraction (e.g., edge detection), whereas the third, 

a fully connected layer, maps the extracted features into final output, such as classification [197].  

Convolution is a specialized type of linear operation used for feature extraction, where a 

small array of numbers (e.g., a kernel) is applied across the input which is an array of numbers 

(e.g., a tensor), Fig. 1-16. As the kernel is applied across all positions in the tensor array in an 

element-wise product function a final feature map is obtained. As seen in Fig. 1-16, when 

convolution is done in this manner the feature map (e.g., output) is smaller in scale to the input 

tensor. To combat this the outer edge is zero padded, which is where zeros are placed around the 

edge of the input tensor allowing the center of the kernel to fit each input tensor cell [197]. The 

training process for CNNs regarding the convolution layer is to identify the kernels that work best 

for a given task based on a given training dataset. Kernels are the only parameters automatically 

learned during the training process. While the size of the kernels, number of kernels, padding, and 

stride are hyperparameters that need to be set before the training process starts. 

Pooling layers are a form of downsizing of the input tensor. This comes in two main forms, 

either max pooling or average pooling. Both take the input tensor and break it up into batches 

where either the maximum value or the average of the group is kept. This allows for the input 

tensor to maintain most of its feature information while being reduced in size allowing for less 

overhead. The final layer type is the FC layer which involves using the output of previous pooling 

and convolution and transforming them into one-dimensional arrays of numbers. This is then 

connected to one or more FC layers in which every input is connected to every output by a 

learnable weight [197]. 
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Figure 1-16: Schematic Illustration of convolution layer process where a kernel is moved across the 

input tensor in an element-wise product function. An output based on the dot product of the kernel 

and input tensor is then represented in the feature map. Differences between feature map cells show 

contour differences. 

 

Training a CNN is a process of finding kernels in convolution layers and weights in fully 

connected layers which minimize differences between output predictions and given parameters for 

the training dataset. This means that CNNs use relatively little pre-processing compared to other 

image classification algorithms. Thus, CNNs learn to optimize the filters (or kernels) through 

automated learning, whereas in traditional algorithms these filters are hand-engineered. This 

independence from prior knowledge and human intervention in feature extraction is a major 

advantage. A downside however is CNNs inability to process temporal information, unlike RNNs. 

In most NVM applications the synaptic weights are encoded as conductance or resistance as 

explained in the previous section. It is important to note that the convolutional layer reuses the 
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same input data with a small number of weights over many operations, while the FC layer typically 

involves a much larger number of weights with no input data reuse across its VMMs [198]. 

Therefore, convolutional layers tend to be computation-bound, while FC layers are bounded by 

the memory bandwidth [199].  

Examples of CNNs from literature show less than 105 parameters used for smaller image 

databases such as the MNIST database [200], while most complex image sets such as the ImageNet 

Large Scale Visual Recognition Challenge [201] move into the order of 109 weights with 

datacenter NNs, such as Google Brain, being several magnitudes more [202]. Many other CNNs 

are presented ranging from mapping CNN on a sneak-path-free digital Memristor Crossbar Array 

(MCA) [203], a CNN accelerator which uses MCAs for dot-product computations [204], a 

ReRAM-based pipelined design for accelerating both training and testing of CNNs [205], and a 

technique to avoid the need of using ADCs/DACs [206]. 

 

1.3.4. Spiking Neural Networks (SNN) 

Spiking Neural Networks (SNN) are a more biological realistic approach to NNs compared 

to current NNs like DNN, RNN, and CNNs. They function by utilizing spikes in voltage or current 

values and incorporate the concepts of space and time through neural connectivity and plasticity. 

They deal with the precise timing of spikes and in some cases are potentially better suited for 

hardware implementation than typical ANNs due to their simple óóintegrate-and-fireôô nature 

[207]. The idea is that neurons in the SNN do not transmit information at the end of each 

propagation cycle, as seen with most common NNs, but only when a potential reaches a certain 

threshold value. After a neuronôs potential is increased a gradual fall in potential is seen. This 

closely resembles what occurs in neuron/synapse structures found in the brain. When the potential 
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threshold is hit, a signal is sent to any neighboring neurons, which increase or decrease their 

potentials in response to the signal. This can be seen in Fig. 1-17.  

 

Figure 1-17: Representation of a Spiking Neural Network (SNN) that shows spikes moving towards 

a neuron where an inlet shows the threshold for firing an output spike. After each spike reaches the 

neuron the potential increases followed by a refractory period and when enough spikes arrive and 

cause the potential to pass the threshold value the neuron fires off an output spike. 

 

What distinguishes a traditional ANN from a SNN is how information propagation is done. 

SNNs work with discrete events that happen at defined times. SNN takes a set of spikes as input 

and produces a set of spikes as output. A series of spikes is usually referred to as spike trains. 

Another difference is that the timing of spikes is used in latency coding, but not the number of 
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spikes. The latency between a specific event and the first spike is used to encode information. This 

is based on the finding that significant sensory events cause upstream neurons to spike earlier 

[207]. In Hebbian learning and its spiking generalizations, such as STDP, the detection and 

reaction to statistical correlations in data is classified. STDP is defined as a process where a 

synaptic weight is strengthened if the post-synaptic neuron activates soon after the pre-synaptic 

neuron fires while it weakens it if the post-synaptic neuron fires later [207]. 

Some advantages include having no multiplications as found in traditional NNs, pulse 

processing can be implemented using shifts and adds, and interconnections transmit only a single 

bit vastly simplifying the interconnect circuitry. The speed improvements, lower overall neurons 

compared to ANNs, and increased information processing due to temporal changes allow SNNs 

to have an increased immunity to noise which is found in NVM devices such as ReRAM and PCM. 

However, due to their differences compared to ANNs with respect to information propagation 

modeling and circuit design are still in the early phases. Recent examples include improvements 

using Intelôs Loihi neuromorphic chip for improved comparison to ANNs in power savings [208], 

using STDP with the MNIST database [209] and implementation in robotic hardware [210], [211]. 

 

1.4. Dissertation Organization 

This dissertation is focused on one of the most promising NVM devices for neuromorphic 

applications, the filamentary ReRAM. Due to its ease of integration with the CMOS process flow 

and well-developed processing techniques large scale device testing is possible. However, large 

scale device failure analysis is still required to understand underlying device characteristics and 

optimization of parameters for MW, endurance, and retention under stress events. The effect of 

device performance with respect to regions of failure due to different stresses are investigated 
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along with device application and performance for Vector Matrix Multiplication (VMM). Due to 

VMMs heavy usage in NNs further ideal application studies are performed for large pulse and 

short pulse operations that can be used for NNs. 

In Chapter 1, introduces NVM devices and compares the most commonly found NVM with 

respect to direct NAND replacement, SCM, or in the use of NNs. Then an overview of the types 

of NNs and a brief understanding of each NN type is discussed. 

In Chapter 2, I focus on the device manufacturing and testing with respect to different 

ReRAM device structures such as 1 transistor 1 ReRAM (1T1R). I talk a little more in depth on 

the ReRAM structure itself regarding the choice of structure materials. I then finish with an 

overview of device fabrication issues that can be observed from 300 nm device fabrication. 

In Chapter 3, an overview of parameter adjustment for ReRAM conductance control is 

given followed by stresses that effect device performance and failure. These stresses include 

current, voltage, temperature, time, and endurance. A conduction mechanism analysis for device 

performance is done to explain failure mechanisms. Finally, an overview of reviving devices in 

investigated. 

In Chapter 4, ReRAM array performance is characterized and used for VMM operations 

with respect to image similarity. The effects of temperature were investigated followed by 

simulations on the effect of variability and memory window.  

In Chapter 5, ultra-short pulse operations are investigated for application usage for linear 

and symmetric synaptic updates. Different pulse parameters and switching design show varying 

control over linearity, symmetry, and conduction window size. Simulation experiments using an 
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MNIST system showed represented accuracy in NN architecture. Finally, retention and endurance 

characteristics were identified sh9owcasing reliability of device operation. 

In Chapter 6, I summarize my research on ReRAM devices and possible uses with NNs. 

The future scope of work is also discussed with respect to potential improvements and 

opportunities in this exciting research area.  
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 Fabrication of 65 nm CMOS Integrated HfO2 and TaOx 

ReRAM Devices on a 300 mm Wafer Platform 

The data discussed in this chapter were previously reported in the following publication: 

¶ Liehr, Maximilian, et al. "Fabrication and performance of hybrid ReRAM-CMOS circuit 

elements for dynamic neural networks." Proceedings of the International Conference on 

Neuromorphic Systems. 2019. 

 

2.1. Integrated ReRAM Wafer Overview 

Neuromorphic systems have the potential to overcome the inherent limitations of 

conventional von Neumann computing architectures that are predominantly in use today. One 

missing hardware component to enable low power neuromorphic computing architectures is a two-

terminal synaptic element. This helps replicate the synapses found in the brain where a circuit 

element that can store "weight" information in resistance, conductance, or other formats for use in 

neural networks (NN). One solution to this technology gap is the use of non-volatile memory 

(NVM) devices in an analog operation mode to emulate this synaptic element [6], [7]. Memristive 

devices, which include two-terminal Resistive Random Access Memory (ReRAM), have the 

potential to store synaptic weight information in neural networks, with lower area and power 

requirements than traditional non-volatile elements. This includes the ability to store data in an 

analog operation mode rather than bit-wise storage. As discussed previously in section 1.2.7.3, the 

choice of ReRAM as a favored eNVM device is due to the large number of usable materials for 

the electrodes and switching layers. These include Ta, Hf, Ni, Al, Cu, W, or Ti [163]ï[165], [212] 

as the ohmic top electrode (TE) and more inert Pt or Au [166] as a bottom electrode (BE). For the 
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switching layer, most transition metal oxides (TMO) such as Al2O3, NiO, SiO2, Ta2O5, ZrO2, TiO2, 

and Nb2O5 [150]ï[153] are useable for ReRAM structures.  

Additionally, ReRAM device performance among NVM devices would ideally 

demonstrate a minimum high resistance state (HRS) of ~1 MÝ [26], memory window > 10 [187], 

device scalability of 4F2 [26], optimized endurance of 1012 cycles [26], [38] with average 

endurance orders of magnitude smaller (~100X), programmable resolution of 8 bits [32], write 

voltage between 1-2 V [26], write current at around 1 µA [188] with most devices still >10 µA, 

The energy consumption is as low as <1 pJ/bit for fast switching [37], and write times in sub-

nanosecond range [35], [36], [180]. All these performance parameters warrant ReRAM devices to 

be viewed favorably for neuromorphic applications and as storage class memory (SCM). This 

transition, however, requires these ReRAM devices to be integrated in circuits and arrays to 

perform these tasks. To accomplish this, integration with a mature technology such as CMOS will 

allow for large scale development of ReRAM structures. As previously demonstrated, our group 

has developed such a vertically integrated process flow for the fabrication of hybrid CMOS logic 

and ReRAM [213], [214]. Overall, this fabrication process requires in-depth electrical 

characterization analysis for future development and optimization of ReRAM device performance 

as well as observation of fabrication issues that may directly affect device operation.  

In this dissertation work, I have worked with both HfO2 and Ta2O5 based ReRAM devices, 

integrated with 65 nm CMOS technology on 300 mm wafer platform. In sections 2.2 I focus on 

the ReRAM applications present on the 300 mm wafer platform including mrDANNA, 1-ReRAM 

(1R), 1-Transistor 1-ReRAM (1T1R), 1T1R Arrays, and RF devices. Following this, in section 

2.3, I shift my focus to the fundamental operation of ReRAM devices including choice of materials 

and doping possibilities. In section 2.4, I investigate common fabrication issues including over 
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etching, transistor issues, and the effect of Physical Vapor Deposition (PVD) vs. Atomic Layer 

Deposition (ALD) deposition over a 300 mm wafer.   

 

2.2. Device Analysis Overview 

Fabrication and processing of hybrid ReRAM/CMOS was performed at SUNY Polytechnic 

Instituteôs Center for Semiconductor Research by NY CREATES using a previously developed 65 

nm 10LPe CMOS/ReRAM process, on a 300 mm wafer platform. This process includes, for 

example, HfO2-based ReRAM devices implemented in a split between metal 1 (M1) and metal 2 

(M2). An example of a fully processed 300 mm wafer chips is shown in Fig. 2-18.  

 

Figure 2-18: 65 nm hybrid integrated CMOS/ReRAM structures on a 300 mm wafer platform where 

multiple die house a wide range of ReRAM inspired circuits, arrays, and individual devices where 

each ReRAM is placed in between M1 and M2.  

 

Multiple dies are found throughout the wafer where previous work showcased the full 

circuit capabilities of each [215]. Included in each die is a test bed for a wide range of circuit 

elements, including memristor-CMOS hybrid neural network components, a fully digital Dynamic 

Adaptive Neural Network Array (DANNA), an 8x8 addressable 1-transistor 1-ReRAM (1T1R) 
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block array, memristive reservoir computing circuits, and a number of individual ReRAM and 

1T1R test circuits. Multiple types of mrDANNA ñneuronsò were implemented, to evaluate their 

performance for follow-on integration into a full-fledged mrDANNA neuromorphic processor. 

Each circuit that uses a ReRAM device usually includes a stack comprising of a 70 nm thick TiN 

bottom electrode (BE), 6 nm thick HfO2 switching layer (SL), 6 nm thick Ti oxygen 

scavenger/exchange layer (OEL) and 40 nm thick TiN top electrode (TE). In Fig. 2-18 the 

extension of SL, OEL and TE layers around BE is done to avoid undesirable edge effects. Stack 

element thicknesses can be adjusted for optimized device performance and reliability. The ReRAM 

device active area where the filamentary switching kinetics take place, is still defined by the 

patterned bottom electrode area (50 nm x 50 nm). 

 

2.2.1. ReRAM Device Performance 

Device performance analysis can be broken up into either binary LRS vs. HRS device 

switching or analog behavior device switching. To do this, electrical characterization analysis, 

including current-voltage (I-V) measurements, were executed as evidenced in Fig. 2-19 (a). These 

results show switching between two resistive states, the high resistive state (HRS) and low resistive 

state (LRS). An average LRS and HRS value of 7 and 70 kɋ respectively was found yielding a 

resistance ratio or Memory Window (MW) of 10. Switching operations can be performed at 

nanosecond intervals with an endurance of over 1.5 billion cycles. To assess manufacturing 

reliability and device performance, full-wafer analyses of 1T1R cells were performed.  An example 

of the results from full wafer 1T1R resistance measurements (for the high resistance state) can be 

seen in Fig. 2-19 (b). Testing across the wafer shows good uniformity between most of the chips, 
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with a few (~10%) notable outliers. Similar results were obtained for forming, set, and reset voltage 

thresholds, as well as both HRS and LRS. 

 

Figure 2-19: (a) I -V plot showing forming, set, and reset behavior with an inset showing the 

corresponding HRS and LRS values. While (b) shows a 300mm wafer map of the mean high 

resistance state (HRS) for ReRAM devices in a 1T1R configuration. 

 

For neural networks, encoding and modulation of synaptic weights is critical. For ReRAM 

cells, resistance level can be tuned by adjusting the amount of power applied to the device during 

the switching event. This can be done in one of two ways. In our first demonstration of multi-level 

resistance capability, ReRAM cells were programmed using short, iterative voltage pulses to 

incrementally increase the resistance, as illustrated in Fig. 2-20 (a). Each iteration involves a set 

resistance goal (in this case a 250 ɋ increase per iteration) where a variable number of pulses are 

applied until the resistance goal is achieved. Once a final resistance goal of 12 kɋ was exceeded 

the process was repeated by fully setting the device showing the repeatability of this approach. 

These voltage pulses can be modulated with respect to pulse width/time tp, reset voltage, and 

maximum set current (which is controlled by the gate voltage of the control transistor when in 

1T1R configuration).  
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Figure 2-20: (a) Incremental reset of a 1T1R cell achieving discrete resistance levels using 1.5 ns 

pulses of -1.3 V. (b) A resistance state manipulation is achieved via an adjustment of the set current 

limit (gate voltage manipulation). 

 

The resistance level of 1T1R cells can also be modulated by varying the maximum set 

current during switching, Fig. 2-20 (b). The maximum set current during a switching pulse was set 

by adjusting the gate voltage on the control transistor in 1T1R ReRAM cells. A step function of 

increasing, followed by decreasing gate voltage on the control transistor was used (Vg = 1.0 to 1.5 

V in 0.05 V increments). Throughout this experiment, a well-defined resistance ratio was 

maintained, demonstrating the potential for use in encoding synaptic weights through a full 

continuum of resistance levels. A more in-depth analysis on parameter adjustment for ReRAM 

devices is shown in Chapters 3, 4, and 5 for single 1T1R devices, 1T1R arrays, and ReRAM RF 

devices respectively. 

In Fig. 2-21, the approximate location for several key ReRAM device structures is shown. 

Each device, and the required electrical characterization tools needed, will be discussed in the 

following subsections of section 2.2. 
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Figure 2-21: Layout of ReRAM test chip with approximate location of 1-ReRAM (1R), 1-Transistor 

1-ReRAM (1T1R), 1T1R Arrays, and RF devices shown. 

 

2.2.2. Memristive Dynamic Adaptive Neural Network Array (mrDANNA) 

The mrDANNA architecture is based on the Neuroscience-Inspired Dynamic Architecture 

(NIDA) that was developed as an approach to map neuromorphic principles to a wide variety of 

applications. Key features of the NIDA architecture include: 1) a spike representation of data, 2) 

the ability for the system to adapt during run-time, and 3) the use of synapses including delay 

distance as well as weight information. In this work, we report on the fabrication and initial 

capabilities of the mrDANNA hardware, as seen in [215], [216], for delay distance and weight 

information, which are important for spatio-temporal neuromorphic processes. 
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To accommodate synaptic control blocks for the mrDANNA neuron elements, a twin 

memristor approach was chosen [217], as seen in Fig. 2-22. This design consists of two ReRAM 

cells (memristors) connected in the opposite polarity. A pair of terminals are driven by the pre-

neuron, while the other ends of terminals are shorted together at the post-neuron (known as the 

post-synaptic node). The synapse operates in two phases, accumulation and learning. The control 

circuit in the neuron provides appropriate voltage levels to drive the ReRAM cells during each 

phase. During accumulation, when the pre-neuron spikes, the control circuit drives opposite 

polarity voltages on the nodes Vp and Vn, while the post-synaptic node is held to a virtual ground 

by the post-neuron [218].  Positive current flows through Mp while negative current flows through 

Mn. These currents are summed at the post-synaptic node, and the summed current can be positive, 

negative or zero, depending on the resistance values of Mp and Mn.  The weight of the synapse, 

which is the effective conductance of the ReRAM cells, is: 

Ὃ  ρὓ
ρ
ὓ  ( 4 ) 

In the learning phase, depending on the relative timing of pre and post-neuron spike, the 

control circuit applies voltage to the ReRAM. When the post-neuron spikes, it applies a specific 

voltage shape for online learning based on Spike Timing Dependent Plasticity (STDP). Depending 

on whether the pre-neuron spikes before it or after it, the control circuit applies either a positive or 

negative voltage, such that the net voltage across the ReRAM cells crosses their threshold for 

switching. If this occurs, it leads to a change in resistance in the ReRAM. If the pre-neuron spikes 

before (or after) the post neuron, the effective conductance of the synapse increases (or decreases) 

leading to potentiation (or depression). 
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Figure 2-22: Simplified schematic for a twin-memristor synapse. 

 

To show how the relative timing of pre and post neuron spikes influence synaptic 

conductance, a simulation was compiled with results seen in Fig. 2-23. When the pre-neuron spike 

occurs one clock cycle before the post-neuron's spike, the synapse should be potentiated. Hence, 

when the post-neuron spikes, it applies a waveform with +0.6 V for one clock cycle, followed by 

-0.6 V. At the same time when post-neuron spikes, the synaptic control clock determines that it is 

a potentiation condition and applies -0.6 V on the pre-neuron end of memristors. This leads to a -

1.2 V drop across the devices, and since they are connected with opposite polarity, it leads to an 

opposing shift between them. Thus, during potentiation Mp   decreases   and   Mn   increases, and   

leads   to   an    overall conductance increase. Similarly, for depression, when the pre-neuron spikes 

after the post-neuron, the synaptic control block applies +0.6 V on the pre-neuron end of 

memristors while the other ends are applied with -0.6 V by the post-neuron's feedback waveform. 

This leads to the increase of Mp and decrease of Mn, leading to an overall conductance decrease. 
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Thus, our mrDANNA system generates a potentiation/depression scheme, which is useful in 

building bio-inspired neuromorphic systems with online learning. 

 

Figure 2-23: Simulation results for twin-memristor circuit showing clock, pre-synapse firing, post-

synapse firing, post-synapse node, Mp, Mn, and Geff respectively. 

 

2.2.3. Electrical Characterization Setup 

Electrical Characterization includes many different techniques to evaluate various 

materials and devices through a range of variables including time, temperature, frequency, voltage 

and current. One way this can be done is by applying either a DC or pulsed based voltage approach, 

with a pulse based approach being preferred for reduced energy consumption and increased 

reliability as seen in ReRAM devices [219]. By applying different voltage amplitude ranges and 

pulse widths the formation and rupturing of the filament for ReRAM devices undergo numerous 

physical variations. These different physical variations stem from the amount of energy that the 

device is given over the pulse. In Fig. 2-24, a range of pulse widths is shown where two distinct 
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regimes are found. At larger pulse periods the device usually switches ñfullyò in only a single 

pulse. This means that the ReRAM reaches a saturation point where, other parameters 

withstanding, the filament cannot grow larger or rupture more if another pulse is given or the pulse 

width is increased. Thus, to reduce energy and power consumption, ideally a smaller pulse is 

preferred. However, once a pulse width is too ñshortò the regime changes and it is possible that 

multiple pulses are needed for the filamentary change to saturate. These regimes can be classified 

as the linear and saturation points where excess energy does not increase resistance, during reset, 

for example. The exact value depends on multiple factors, however for HfOx ReRAM devices the 

regime change occurs at some point in the nano-second region. 

 

Figure 2-24: Measurement tools and the corresponding time scales possible for each starting from 

the E5274A Modular Source/Measure unit, Agilent B1500 High-Precision Analyzer, and the 4 

Channel Model 765 Burkeley Nucleonics Pulse generator. 
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This difference between regimes grants multiple advantages depending on the application 

that it is needed for. For example, Neuromorphic applications usually require multiple analog 

states and when applying smaller pulses that fall within the linear region the control given by fast 

pulsing allows for more intermediate resistance or conductance states. A standard pulsing structure 

can be seen in Fig. 2-25, where large voltage pulses can be applied in between non-destructive 

read pulses. This particular pulse train is called a cycle pulse train where a set voltage pulse is 

applied that is large enough to cause a filamentary formation, while a reset voltage pulse is applied 

to cause a filamentary rupture. For electrical characterization we need the ability to adjust the pulse 

width and amplitudes to adjust the filamentary response. The standard values used for the 

dissertation unless otherwise specified are; set voltage amplitude at 2.5 V, reset voltage amplitude 

at -1.5 V, and read voltage amplitudes at -0.2 V. 

 

Figure 2-25: Standard pulse train for endurance switching operation between Set/LRS and 

Reset/HRS states. Each triangular switching states is followed by a non-destructive read state. 

 

To be able to perform the vast range of pulse period lengths multiple tools are needed. For 

this dissertation, three main tools were used to allow for the vast range of timing and parameter 

requirements. Two tools were used for larger pulses, the E5274A Modular Source/Measure Unit 
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(SMU), and the Agilent B1500 High-Precision Analyzer. The E5274A Modular Source/Measure 

Unit contains 8 SMU outputs for voltage and current analysis. The smallest pulses operate at 100 

µs resolution with a voltage range between ±100 V. Current and voltage measurement resolution 

stands at ~1 nA depending on the resolution range that is required. The Agilent B1500 High-

Precision Analyzer is equipped with 4 High Resolution Source Measurement Units (HR-SMU) 

and two Waveform Generator Fast Measurement Units (WGFMU). This allows for a larger scaling 

in pulse widths than the E5274A. The HR-SMU follow the same specifications as found in the 

E5274A. Some parameter restrictions include allowing a maximum current and voltage rating of 

±100 mA and ±100 V, respectively, and a current and voltage mean resolution of 0.1 fA and 0.5 

µV, respectively depending on the resolution accuracy and range of current/voltage. Conversely 

the two WGFMU modules in the B1500 allows for higher frequency pulses. These high frequency 

pulses have the capability of generating pulses with a minimum rise and fall time of 50 ns meaning 

that the quickest pulse using the B1500 is 100 ns in width. 

Moving into the analog multi-pulse switching regime requires pulse widths below 100 ns. 

To do this a 4 Channel Model 765 Berkeley Nucleonics Pulse Generator was used. This tool allows 

for up to 4 independent channels with pulse widths ranging from 300 ps to 8 seconds with a 10 ps 

resolution and 70 ps rise/fall time. A maximum variation of 5 V is allowed for pulse amplitude 

differences. This pulse generator is then connected with an oscilloscope with a 50 Ý termination 

resistor allowing for voltage calculations. All these tools were then used alongside of an in-house 

developed LabVIEW and Python programs with interactive GUI for pulsed measurements of 

ReRAM devices. For more accurate low current measurements, the easy-expert software package 

of Keysight Technologies was used for conventional DC measurements. Thus, all three tools allow 

for a large range of pulse widths and are applied to different device structures and operations that 



90 

 

are discussed in the following sections. In the next sections specific device structures will be 

discussed that pertain to single and multi-pulse switching. 

 

2.2.4. 1-ReRAM (1R) Test Setup and Structure 

The most basic structure that can be measured in each die is the 1-ReRAM device. In each 

die there are 25 1R device structures, Fig. 2-26 (which shows four devices), that allow the ReRAM 

device to be measured via probe pads. Placing probes or wired connectors on opposite facing pads 

allows for the device to be measured, i.e., top right and bottom left or top left and bottom right. 

This means that two probes are required to access the top and bottom electrode of the ReRAM 

device. These probe pads are 60x60 µm in size with 100x100 µm pitch.  

 

Figure 2-26: 1-ReRAM device structure layout showing a ReRAM device located in between 4 pads 

that allows for device measurement when probes are connected to opposite pads. 

 

All electrical characterizations for 1R devices were completed using a SUSS Microtech 

semi-automated probe station with either a E5274A analyzer or an Agilent B1500A. This can be 

seen in Fig. 2-27 where a standard probe setup is displayed. The red circle indicates the external 

transistor that allows for current control for the 1R device. This is used in a similar fashion to 

selectors as discussed in Chapter 1. The disadvantage to this setup, however, is that using an 

external current control requires longer distance cabling for the device operation. This means an 
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increase in parasitic capacitance and other RC issues. This is not ideal and thus a structure setup 

with a transistor in series connection in CMOS with the ReRAM device is preferred as is discussed 

in the next section. 

 

Figure 2-27: Probe station setup for 1R device measurements. Probe manipulators can connect to 

either HR-SMU cables or WGFMU connectors. An external transistor can be used for current 

control in either the positive or negative voltage direction. 

 

2.2.5. 1-Transistor 1-ReRAM (1T1R) Test Setup and Structure 

The 1T1R device structure that can be found in each die, Fig. 2-28, consists of a 2mA, 3.3 

V IO dgx NMOS transistor in series with our ReRAM device. Each die consists of 50 1T1R device 

structures allowing for comprehensive device-to-device analysis which is explained in more detail 
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in Chapter 3. The device structure contains 4 pads that correspond to, starting in the top right and 

moving clockwise, a GND pad, a R pad or ReRAM pad, a G pad or Gate pad, and finally another 

GND pad. Each pad corresponds to the bottom electrode access, top electrode access, transistor 

gate control access, and another bottom electrode access, respectively.  

 

Figure 2-28: 1-Transistor 1-ReRAM device structure layout showing 4 pad access to the ReRAM 

device top electrode, bottom electrode, and gate control of the transistor.  

 

This set up allows for voltage or current measurements with direct current control from the 

transistor. To measure the 1T1R device structure a SUSS semi-automatic probe station was set up 

as viewed in Fig. 2-29. Cables from the B1500 connect to either SMU or WGFMU Remote-Sense 

and switch Unit RSU connectors for variable pulse speed operation ranges. Three probes are used 

to allow for top and bottom electrode access as well as one for transistor gate control access. The 

transistor operation will be explained in more detail later in this chapter as well as in Chapter 3. 

The use of a semi-automatic probe station in concurrence with our in-house python GUI allows 

for automatic device-to-device testing. 
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Figure 2-29: SUSS semi-automatic probe station setup for 1T1R device measurements. Probe 

manipulators can connect to either HR-SMU cables or WGFMU connectors found with the B1500 

analyzer. Each figure inlet shows a zoomed in look at the probe setup for device measurements and 

the B1500 analyzer location.  

 

2.2.6. 1-Transistor 1-ReRAM Array (1T1R Array) Test Setup and Structure 

The 1T1R Array allows for crossbar array operation used for VMM and other 

neuromorphic applications. In this set up 64 devices are connected in an 8x8 formation that allows 

for 8 devices to be access through a single transistor contact. Thus, in total there are 8 transistors 

each controlling 8 devices in a column. This format is explained in more detail in Chapter 4, where 

array analysis is performed. In Fig. 2-30 a device pad structure is shown for one 1T1R array where 

a total of 24 access pads are used to access 24 array points. The pads are laid out in a 2x12 pad 

structure to allow for a probe card to probe all 24 pads at once. The 24 pads are divided in 8 top 
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electrode, 8 bottom electrode, and 8 transistor gate control pads. Each are labeled as S1-S8, D1-

D8, and G1-G8, respectively. This pad layout allows for single device or simultaneous multiple 

device operation. For example, to access a single device S1, D1, and G1 could be used, while for 

multiple device access G1 and D1 would remain while multiple S measurements can be applied. 

This process is explained in more detail in Chapter 4. Each die consists of 4 arrays. 

 

Figure 2-30: 1-Transistor 1-ReRAM array circuit structure layout showing 24 pads with 8 top 

electrodes, 8 bottom electrodes, and 8 transistor gate control access pads.  

 

As mentioned previously, to access all devices a custom-made probe card is required. This 

probe card can be viewed in Fig. 2-31 where a CELADON 28mm x 28mm x 28mm rigid metal 

chassis probe card with probe depth of 8.59 mm and a temperature range of -65 °C to 300 °C is 

used. This probe card is mounted to the SUSS semi-automatic probe station and connected to a 

Keithley 707A Switching Matrix Mainframe which allows for the 8 SMU E5274A Modular 

Source/Measure Unit to apply 8 voltage or current sources to up to 36 pins. This setup is coupled 

to our In-house python GUI to allow for quick interchange between different pad access 

orientations. The main downside to this set up is the slow orientation change speed as well as the 

limitations in pulse speed of the E5274A.  
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Figure 2-31: SUSS semi-automatic probe station setup for 1T1R Array measurements. A custom 

order CELADON probe card is used to contact all 24 pins. Connected to the probe station setup are 

the E5274A Modular Source/Measure Unit and Keithley 707A Switching Matrix Mainframe  which 

are used to orient the voltage or current pulses that are applied to single or multiple device operations. 

Each figure inlet shows a zoomed in look at the key probe instrument setup for device measurements. 

 

2.2.7. RF 1-Transistor 1-ReRAM Test Setup and Structure 

The final device structure that is used in this dissertation is the RF 1T1R test structure. 

Each device structure consists of 8 pads with 2 connected Vg pads which allows for the transistor 

gate control access on either pad. The remaining 6 pads consists of 2 combinations of a Ground-

Signal-Ground (GSG) pad structure connected to the top electrode (GR and SR) and the bottom 



96 

 

electrode (G and S). This can be viewed in Fig. 2-32. This pad layout allows for high frequency 

RF measurement operations using a high frequency probe generator.  

 

Figure 2-32: 1-Transistor 1-ReRAM RF device structure layout showing 8 pads with access to the 

ReRAM device top electrode, bottom electrode, and gate control of the transistor. The top and bottom 

electrode access consists of a GSG setup to allow for high frequency measurements. 

 

The probe station set up can be viewed in Fig. 2-33 where a 4 Channel Model 765 Berkeley 

Nucleonics Pulse Generator is connected to a Cascade GSG Infinity Probe with a 50 Ý resistor in 

parallel for better signal control. When the probe is connected to the pad structure a voltage or 

current pulse can be applied through which the signal travels through the top electrode signal pad 

and out the bottom electrode signal pad. The pulsed response then travels towards a LeCroy 

wavePro 740Zi oscilloscope where a 50 Ý termination resistor shows a voltage pulse response that 

can be measured for the ReRAM resistance. Each switching pulse is followed by a read pulse due 

to limitations on the oscilloscope accuracy for ultra-fast pulsing operations (up to 300 ps). To allow 

for current flow the gate control voltage is applied through a B1500 HR-SMU. This set up allows 

for multi-pulse operations where resistance values can be controlled. A more detailed discussion 

of the probe set up and device measurement operation is discussed in Chapter 5. 
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Figure 2-33: SUSS semi-automatic probe station setup for 1T1R RF measurements. Two Cascade 

Infinity Probes are used in conjunction with one DC voltage probe for RF measurements. Connected 

to the probe station setup are the 4 Channel Model 765 Berkeley Nucleonics Pulse Generator and a 

LeCroy oscilloscope which allows for ultrafast pulsing and pulse measurements. Each figure inlet 

shows a zoomed in look at the key probe instrument setup for device measurements. 

 

2.3. ReRAM Stack Device Structure and Material Choice Overview 

An overview for ReRAM device structures was given in Chapter 1, however, to gain a 

better insight into what stack orientations and the possibilities of using different materials for 

different stack parts and what they mean is explored in this section.  
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2.3.1. ReRAM Device Stack Orientation and Movement of Oxygen Vacancies 

In ReRAM devices there are a few key layers that make up the traditional MIM ReRAM 

structure. These are the Top Electrode (TE), Bottom Electrode (BE), Switching Layer (SL), and a 

possible inclusion of an Oxygen Exchange Layer (OEL). Other orientations are possible including 

multi-layer switching layers [155], [220], however in this section we will only cover single 

switching layer stacks. In Fig. 2-34 a schematic of a ReRAM stack shows the key stack parts 

including a conical shaped oxygen vacancy concentration connected between the BE and TE. 

Oxygen vacancy creation and movement is key to understanding how the filament is formed and 

ruptured. When an electric field is applied to the device stack hot electrons are applied to the 

switching layer which can cause the breakage between metal and oxygen. For example, when the 

SL is HfO2 a Hf-O breakage is possible which form oxygen vacancies as shown in the equation 

below: 

ὌὪὕ Ὡ
ᶻ
ᴼὌὪὕ ὼὠ ὼὕ Ὡ  ( 5 ) 

 

Where e-* are hot electrodes that are applied to the SL. Once this operation occurs and the 

electric field is large enough to overcome the activation energy, the oxygen ions can migrate to 

neighboring unoccupied lattices, vacancy sites, and interstitial sites due to ion drift and self-

diffusion. This is helped or hindered by the density of the material where a sub-stoichiometric SL 

enhances self-diffusion and allows for oxygen to easily jump between vacancy sites. With an 

increase in the amount of vacancy sites the leakage exponentially increases due to electrically 

active oxygen vacancy defects [221]. This allows for the movement of oxygen ions or vacancies 

back and forth between the switching layers and the electrodes where higher electric field applied 

results in an increase in ion velocity [222]. 
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Figure 2-34: Schematic of ReRAM stack including top electrode, bottom electrode, switching layer, 

and oxygen exchange layer. A conical filament is formed when operations are applied. 

 

The conical shape of the conduction filament (CF) is explained by the difference in voltage 

drop and the temperature profile change that can be observed during set and reset. In [170] a study 

on TiN/HfO2/TiN devices was performed where electrical and modeling results show that device 

switching is controlled by the oxidation/reduction reactions at the narrower end of an asymmetric 

CF. The asymmetric CF is due to the heat dissipation accompanying the forming process where 

electrons trapped deeper in the switching layer release greater energy [170], [223]. Due to this, a 

temperature profile difference occurs where higher temperatures are found nearer the BE than the 

TE resulting in the narrower conical shape at the BE. This is compounded when it is found that 

65% of the applied voltage drops along the narrowest ~1 nm of the filament length. Such a voltage 

drop leads to high thermal resistance where the temperature along the CF is found to be high 

enough (>1000 ºC) to cause a complete CF tip and partial CF body reoxidation during HRS and 

LRS.  
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2.3.2. ReRAM Switching Layer Device Properties 

The size and makeup of the SL directly affects multiple device operations including 

forming. In the case of SL thickness, a direct correlation between thickness and forming voltage 

is found [224]. It was shown that as the thickness of the SL decreases the forming voltage also 

decreases where, when thin enough, a theoretical ñForming-Freeò device is possible [224]. 

However, when the switching layer is too thin multiple other issues occur, with the possibility of 

directly tunneling through the SL or increased leakage current affecting device performance. In 

[225], it was also shown that the way HfO2 was deposited can also adjust the forming voltage. The 

forming voltage of an amorphous HfO2 was much lower that compared to a crystalline HfO2. This 

was also shown in [226] where a larger non-uniformity was found for crystalline Hafnia. 

 

2.3.3. ReRAM Top and Bottom Electrode Roles 

The roles of the TE and BE in a ReRAM stack are crucial for the metal/oxide interface 

operations. This includes the thermodynamics of the metal/oxide interface. For the BE, in [227], a 

comparison between the work function and the free energy of formation per oxygen ion in eV was 

shown. A direct correlation was found where a stronger oxygen affinity, i.e., larger free energy, 

also has a lower work function. This correlation also shows that metals with high oxygen affinity 

act as sinks for oxygen vacancies in the oxide. When the bottom electrode has a strong oxygen 

affinity, the creation of more oxygen vacancies may dominate other factors such as the work 

function in determining device properties. Other examples from the literature include the BE acting 

as a dopant and possibly reducing the Schottky barrier, with more electrons being injected into the 

SL, and thus a stronger filament being created with the possibility of more difficult reset 
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operations. Vice versa, when the BE has a low work function, the injection of too many hot 

electrons is possible. This can lead to thermal runaway and a difficulty in resetting the device. The 

best switching was found to be when both the electrode potential and work function were high. 

While, choosing materials with larger metal oxygen affinity causes a drop in the resistance of the 

device [228]. Some of these electrode materials include Pt, Ir, and Au however, due to their higher 

cost for large scale fabrication, alternative materials might be chosen that result in lower quality 

device operation. This means that a choice for the BE must be made where the best materials for 

switching might not be the best for retention or cost.  

In between the switching process a location is needed for the oxygen ions. Thus, the TE 

mainly handles the oxygen storage during the set operation and can act as an oxygen reservoir. 

This leads to the use of oxidizable TEôs such as Ti, TiN, and TaN [229]. For a metal like Ti, due 

to its very high oxygen solubility the oxygen ions can easily diffuse inside the Ti and return during 

the reset operation. However, if a material is used that has too strong of a M-O bond then the 

oxygen ions cannot return to the SL. This is good for retention but not switching. Thus, a perfect 

top electrode would be one with high oxygen solubility but has more difficulty oxidizing. 

 

2.3.4. ReRAM Oxygen Exchange Layer 

In substitution of the TE being an oxygen reservoir, a select thin layer can be added in 

between the TE and the SL. This separate layer allows for more controllability due to an extra 

control of the thickness and material differences between the SL, TE, and OEL. In [184], a 

comparison of different OEL metals with respect to a HfO2 SL was shown where OEL metals such 

as Hf and Ti had a smaller required energy for reaction with oxygen compared to Ta, W, or Pt. 

This comparison also shows that for Hf and Ti OELs the forming voltages were much smaller than 
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for OEL metals such as Ta. Another note is that while having a lower required energy for reaction 

allowed for longer switching, a larger retention is found with metals such as Ta due to a stronger 

oxygen bond. This was previously explained with the choice of TE materials and shows that 

depending on the requirements there is an array of material choices possible. 

 

2.3.5. ReRAM Diffusion and Switching Layer Doping 

Doping or adding atoms such Fl, Cl, H, etc. to the SL can allow for different operation 

changes that occur to electron and oxygen vacancy movements. Doping or adding different atoms 

can be done through a variety of methods including adding hydrogen atoms through a NH3 plasma 

treatment into the HfO2/TiN stack before the TE is deposited [230]. Changing from a PVD TiN to 

a Plasma Etched Atomic Layer Deposition (PE-ALD) TiN allowed for better results due to the 

presence of hydrogen atoms introduced during the process [231] and applying high pressure 

hydrogen annealing allowed better switching uniformity for HfO2 devices [232]. This allows for a 

passivation of dangling bonds and the formation of OH. This was similarly found when fluorine 

or chlorine atoms are added where the leakage current was reduced and better control over 

switching was achieved [233]. This was because the Cl and F atoms are trapping electrons which 

limits electronic cascades due fewer pathways for electron movement, less variability, and lower 

leakage current. However, addition complexity with doping may cause device deposition 

variability and not all materials have been studied with their effect of doping on switching 

characteristics. 

While more controlled doping of the SL can be achieved, it is also possible for accidental 

diffusion of the electrode materials into the SL due to device degradation. This occurred in [234], 

[235] where the metallic cations diffused into the SL due to the strong electric field created when 
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an oxide is formed at the SL:TE interface pulling the positive metal atoms into the SL. This can 

cause a cascade of oxygen vacancies in the SL which can cause switching failures due to an 

increased difficulty of oxygen movement. 

 

2.3.6. ReRAM Device Overview 

In this section multiple parts of the ReRAM stack are discussed where, depending on the 

preference, multiple options for device material and stack disposition are possible. Ideally a 

ReRAM device should incorporate a BE that has a large work function and, relatively strong 

oxygen affinity if excess oxygen vacancy generation is required, to allow for strong switching and 

long retention. A SL that has strong oxygen movement and controllability, that is amorphous for 

high uniformity, and the possibility of atom doping for filament path controllability. An OEL that 

has a high oxygen solubility with difficulty oxidizing would allow for the oxygen reservoir to 

house and release oxygen easily when required while remaining and not forming too strong of a 

M-O bond. Finally, the TE should be similar to the OEL where the interface between the OEL and 

the TE allows for easy electron movement. 

 

2.4. Fabrication Reliability Issues and Variation and their Effect on Device Performance 

Fabrication difficulties and concerns can be caused by a wide variation of issues such as 

Chemical Mechanical Planarization (CMP), deposition, etching, etc. Each of these have their own 

solutions and difficulties and can cause cascading problems for device performance. In the 

following sections we will investigate a few of these including the effects of using PVD OEL 
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deposition, possible over etching near the ReRAM TE, and transistor issues that can affect large 

sections of a 300 mm wafer. 

 

2.4.1. Deposition of Ti oxygen Exchange Layer Using Physical Vapor Deposition 

The deposition of ReRAM stack materials can be performed in many ways. For the same 

material, for example HfO2, there are various ways of depositing the materials and integrating 

them under different thermal budgets. This can include using a reactive PVD sputtered HfO2 which 

has flexibility in tuning the Hf:O ratio and ability to modify the defect density during the reaction 

process. This is preferred as the oxygen and defect concentration directly corresponds to operation 

specifics for device forming and switching. However, PVD involves large variability when applied 

over full wafer. On the other hand, using an Atomic Layer Deposition (ALD) process for HfO2 

allows for the HfO2 SL to be close to stoichiometric, offering excellent film uniformity and 

coverage in a 3-D vertical structure. However, due to its increased stoichiometry it requires the 

addition of an OEL to create a certain defect density for switching [27]. In this section a stack of 

ALD HfO2 and PVD Ti OEL was investigated showing the inherent variability of PVD Ti and the 

effect it has on cross wafer performance.  

To start, a blanket deposition of 3 layers of 7 Å TiO2, 65 Å Ti, and 15 Å TiO2 was 

performed on top of a Si wafer base. This was to prevent any surface oxidation on the Ti layer. To 

measure the variation of Ti PVD thickness cross wafer an X-ray Reflectivity (XRR) spectroscopy 

was performed. XRR spectroscopy allows X-rays to be applied to a material's flat surface at 

grazing angles of incidence. The angle varies depending upon the electronic density of the material. 

The higher the incident X-ray angle relative to the critical angle, the deeper the X-rays transmit 

into the material. Thus, when the grazing angle is varied troughs or peaks are found at periodic 
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instances, as seen in Fig. 2-35 (a), and are known as Kiessig Fringes. The distance between each 

peak allows for the estimation of thickness through the Kiessig Fringe equation: 

˿ ‌ ά
‗

ςὨ
 

( 6 ) 

 

Where d is the thickness that can be calculated. In Fig. 2-35 (b) a cross wafer plot is shown 

where the variation of Ti thickness observed at a base count. As the distance increases from the 

center of the wafer the thickness of Ti correspondingly increases. This introduces some challenges 

and performance differences. 

 

Figure 2-35: (a) X-ray Reflectivity (XRR) spectroscopy on Ti thickness with a (b) cross wafer 

representation of Ti thickness difference. 

 

After establishing how PVD could produce variation of deposition thickness across a large 

300 mm wafer, this was then compared with findings from 1T1R device electrical characterization 

for three variations in HfO2/Ti deposition thicknesses across three separate wafers. Each wafer has 

a similar TiN/HfO2/Ti/TiN stack outline where only the Ti thickness is adjusted. For comparison 

the HfO2 thickness that was used for all wafers was 9 nm whereas the Ti thickness varied yielding 
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7 nm, 6 nm, and 5 nm, respectively. This allowed us to not only compare the effect of inherent 

thickness variation wafer-to-wafer but also center-to-edge variation. Ten devices were measured 

at each die cross wafer for a total of 83 die measured. In Fig. 2-36 (a) the effect of HfO2:Ti 

thickness shows that for a larger ratio for HfO2 to Ti the larger the forming voltage.  

 

Figure 2-36: Electrical characterization measurements showing (a) the forming voltage for three 

separate HfO2:Ti thickness variations, (b) the effect of device performance for forming voltage as 

devices were measured further away from the center of the wafer, and (c) the MW for each wafer. 
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When looking at Fig. 2-36 (b) a center-to-edge comparison for forming voltage was 

performed where the distance from the center to the edge is 150 mm. As devices are measured 

further from the center the forming voltage decreases. This shows that devices further from the 

center have an increased Ti thickness compared to the center as was shown with the blanket XRR 

wafer in Fig. 2-35 (b). A difference of up to 0.5 V variation between median device forming 

voltages at the center compared to the edge shows increased operation issues especially if the total 

variation of forming voltages is considered where a larger than 1 V difference is possible. For most 

chip operations a smaller maximum applied voltage allows for higher density operations. Thus, 

larger forming voltages curb some circuit design and performance possibilities. While it makes 

sense that a smaller ratio is preferred, in Fig. 2-36 (c) it is shown that as the ratio between HfO2 

and Ti decreases the Memory Window (MW) between LRS and HRS decreases. This shows that 

a balance is needed between ratio of HfO2 and Ti. Another solution that was mentioned previously 

would be to continue decreasing the SL thickness leading to a corresponding reduction in forming 

voltage [224]. This, however, must be carefully done as too thin of a HfO2 layer can cause 

switching to fail due to direct tunneling between electrodes. 

 

2.4.2. Possible Effects of Etching on ReRAM Devices 

One of the main fabrication processes throughout most CMOS procedures is the etching 

process. Over or under etching can result in device damage or open connections. In the case of our 

ReRAM device process, one crucial step is during the deposition of the ReRAM stack. After all 

parts of the device is deposited as described in part in [236], where it is seen that a difference in 

the reactive ion etch can lead to large changes in the endurance performance, an etch is done to 

fulfill the remaining connection from the ReRAM TE to the next metallization layer. This process 
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includes the usage of a fluorine based etching process where etching slightly into the TE to 

establish good contact is ideal. However, either due to tool process variation, or variation in 

thickness from previous layers it is possible to either over or under etch.  

 

Figure 2-37: Device fabrication results showing over etching of TiN TE which resulted in device 

failure. 

 

In Fig. 2-37 a complete CMOS + ReRAM process is shown. In the highlighted inset a 

zoomed in picture shows the etch result. The circle shows the location of the etch depth where the 

slightly lighter colorization shows the etching into the TE. In this case the etch transects completely 

through the TE and establishes contact with the OEL and the rest of the ReRAM stack (shown in 

bright white). This causes direct device failure due to a number of possible reasons. One of the 
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reasons is that with direct etching into the OEL it is possible that the OEL is removed causing the 

device physics to completely change. Another reason could be due to implantation of fluorine 

atoms into the OEL and the remainder of the stack. As stated previously in section 2.3.4 the device 

performance changes when fluorine, chlorine, or hydrogen atoms are introduced to the SL [230]ï

[233]. A final postulation is the effect of temperature on the stack. The etching process is done up 

to 130 °C and could adjust the physical device structure due to the annealing effect while etching 

is being performed, while device charging could also occur directly degrading the device. Thus, 

the effect of etching can be shown to directly affect device performance and can lead to device 

failure. 

 

2.4.3. Transistor Issues in Device Fabrication 

Another problem that CMOS integrated ReRAM devices can face are transistor issues. Our 

1T1R device fabrication process, while mature, does have issues that can directly affect device 

performance results.  This can be observed in Fig. 2-38 (a) where a schematic of the 1T1R device 

is shown in where the ReRAM is connected to a transistor. In Fig. 2-38 (b) a cross wafer 

representation of the transistor control when a specific voltage is applied to the transistor gate 

control. A compliance current of around 250 µA is found throughout most of the wafer. Of note 

however, are the edge effects on the left and right of the wafer. These results show that a significant 

increase in current is flowing through the transistors at these locations which can cause large 

changes in device performance especially in LRS operations due to the possible 4-fold increase in 

current. This can be due to several reasons including a possible shift in the threshold voltage (Vt) 

or a drive current issue. Further testing operations found no specific reasons, however. Lastly in 

Fig. 2-38 (c) the standard transistor response is seen for varying voltages being applied to the gate.  
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Figure 2-38: Transistor operation showing (a) the schematic of the 1T1R device, (b) the transistor 

performance cross wafer, and (c) standard transistor response when varying voltages are applied. 

 

2.5. Conclusions 

In this chapter we demonstrated 300 mm wafer scale fabrication and testing of hybrid 

CMOS-ReRAM circuit elements that have utility in neuromorphic computing circuits, such as the 

mrDANNA architecture. Basic Individual 1T1R circuit elements were tested on chips across an 
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entire 300 mm wafer, showing good uniformity and successful integration of ReRAM integration 

in a conventional CMOS manufacturing process. Initial testing of circuit elements shows a 10x 

memory window for our hafnium oxide-based ReRAM, and that 1T1R elements could be set to 

multiple resistance states within this window, by application of discrete pulses, or by controlling 

the peak current during set. In Chapter 3 a more in-depth analysis of 1T1R device structure 

operation and characterization will be given.  

A comprehensive description of the electrical characterization set up and subsequent device 

structures consisting of 1R, 1T1R, 1T1R Array, and 1T1R RF was included allowing for a range 

of operation possibilities. This was followed by a more in-depth analysis of device structure 

elements of the ReRAM device including the BE, SL, OEL, and TE. Finally, an overview of 

common fabrication issues that can lead to device failure or operation variability was investigated. 
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 Electrical Characterization and Failure Analysis of 

65nm CMOS Integrated Nanoscale ReRAM Devices on 

a 300mm Wafer Platform 

Part of the data discussed in this chapter was submitted and accepted for publication in the 

Proceedings of the IEEE International Integrated Reliability Workshop (IIRW) 2022:  

¶ Liehr Maximilian, ñFailure Analysis of 65nm CMOS Integrated Nanoscale ReRAM 

Devices on a 300mm Wafer Platformò, IIRW 2022 

 

3.1. Introduction to Ideal vs. Non-Ideal ReRAM Devices 

Resistive Random-Access Memory (ReRAM) devices are seen as a strong candidate for 

non-volatile memory operations due to their low power, small area, and potential for multi-level 

operation. An ideal ReRAM device, in the absence of external fields, should maintain its low 

resistive state (LRS), high resistive state (HRS), and as many intermediate states as possible for 

long periods of time [237]. However, due to their inherent instability during conductive filament 

(CF) growth and rupture, parameter optimization needs to be performed for optimal device 

performance. These parameter optimizations often lead to maximizing the number of distinct 

multilevel resistance states [31], [238], [239] required in operation of neuromorphic applications 

such as Analog Neural Networks (ANN).  

This is due to the large number of imposed requirements on modern single-bit resistive 

memory cells for building large scale circuits. These requirements stem from the issues of device 

design scalability where voltage, energy, and time are the main factors in improved data 



113 

 

processing. Some of the conditions revolve around the set/reset rewriting voltage being less than 

1 V [26], having a power consumption less than 10 pJ per switching cycle [27], [30], switching 

time less than 10 ns [26], retention time not less than 10 years at 85°C, and an endurance >1012 to 

name a few [237]. Some of these parameters have been achieved such as with scalability [38], 

[240], [241], speed [31], [38], [242], and energy efficiency [226], [243], however, varying 

materials and switching operations were used. 

Maximization of parameter usage, however, leads to non-ideal device regions where short- 

and long-term degradation of the CF can occur. This ultimately results in device failure or ReRAM 

ñstickingò where a ReRAM device is unable to switch out of a now fixed resistance state [244]. 

The most common situations include a stuck at fault ñ0ò or ñ1ò which corresponds to a device 

unable to be switched from HRS or LRS, respectively. There are a few stress conditions that result 

in possible device degradation including: 1) current stress, which involves current control 

applications such as selectors or transistors, 2) voltage stress, which usually involves negative 

voltage applications, and 3) temperature stress, where an external operand is involved. Each stress 

condition involves different device failure mechanisms resulting in limited operation conditions. 

One final degradation case is where resistance only begins to change after a certain critical value 

of observation, either time or cycle number [237], [245]ï[248].  

In previous reports, optimization of device performance regarding switching variability 

was investigated on our 65nm CMOS integrated ReRAM devices [249], [250] where regions of 

operation were outlined. In this chapter I identified regions of operation failure concerning a 

multitude of stress conditions. In Section 3.2, I focus on understanding ideal device conditions 

including parameter adjustment and standard device operation using DC and pulse analysis. In 

Section 3.3, the effect of current-based stressed is investigated where regions of ideal and non-



114 

 

ideal operation are established. In Section 3.4, a more in-depth analysis into voltage-based stress 

where the first instance of true device failure is studied. In Section 3.5, the effect of time is 

examined on forming and pulsing at different voltage-based stresses while the addition of an 

external stress of temperature is introduced and analyzed to understand itôs impact on device 

performance. In Section 3.6, long-term stress effects related to endurance switching are examined. 

In Sections 3.7 and 3.8, I investigate the possibility of reviving devices that previously were 

operated in non-ideal conditions as well as a comparison between operating results in this chapter 

and ReRAM devices in literature is performed. Lastly, in Section 3.9 I conclude our finding with 

possible future directions discussed. Throughout this dissertation chapter the standard operating 

parameters of compliance current (Imax) ~150 µA, reset voltage (Vneg) = -1.5 V, read voltage (Vread) 

= -0.2 V, and set/reset pulse width (ts/tr) = 1 µs were used, unless specified. 

 

3.2. Parameter Adjustment and Device Operation 

Valance Change Mechanism (VCM) ReRAM devices in general operate on the 

principle of the transport of oxygen anions. This means that in the case of our ReRAM 

devices the oxide SL used must contain an excess amount of oxygen vacancies to perform 

switching. An excess concentration of vacancies can be obtained through a number of 

fabrication and device film stack orientation processes. These include choosing a sub-

stoichiometric metal oxide as an active medium, using an oxidizing metal as an electrode 

in contact with a dielectric, or using multilayer composite dielectrics as a vacancy generator 

and oxygen reservoir [237]. 

As discussed in Chapter 2, this dissertation focuses on CMOS integrated ReRAM 

devices with either a TiN/HfO2/Ti/TiN or a TiN/TaOx/Ta/TiN stack. In this chapter the 
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core focus lies on the analysis of 1T1R TiN/HfO2/Ti/TiN ReRAM devices. A TEM in Fig. 3-39 

(a) displays our 65nm CMOS integrated ReRAM devices which include a TiN bottom and top 

electrode, a HfO2 SL with a Ti oxygen exchange layer (OEL) implemented between metal 1 (M1) 

and metal 2 (M2) layers, which was previously demonstrated in [213], [214]. Cross wafer analysis 

was completed in Fig. 3-39 (b) under optimized conditions where relative die-to-die stability is 

achieved. A mean memory window of 33X (HRS/LRS) was achieved, which is comparable to 

previously reported ReRAM device performance [181], [219], [251]ï[254]. Large, cross wafer 

analysis allows for device-to-device comparison at a statistically significant level under optimized 

conditions. 

 

Figure 3-39: (a) TEM of 1T1R ReRAM structure and (b) wafer level map of 65nm CMOS integrated 

ReRAM devices on a 300mm platform.  

 

Initial operation of ReRAM devices requires the formation of a conductive filament in a 

newly fabricated cell. This is done by pulsing a larger forming voltage compared with pulses of 

further switching [176], [255]. This can be observed in Fig. 3-40 where the forming voltage is 

applied until 3.5 V and a change in current flow occurs at ~3 V signifying the shift from a pristine 

(a) (b) 
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device to the formation of a filament connecting the two electrodes. This reaction is due to 

inhomogeneities in the composition and structure in the dielectric film of the cell, as well as the 

interface interactions the of metal electrodes with the oxide layer. The forming voltage 

pulse induces an electric field driven effect that creates a local breakdown of the dielectric 

leaving behind the oxygen vacancy filament [237]. After the forming operation a negative 

pulsing operation occurs which can be seen in as the first Reset curve. This curve induces 

a shift in electric field direction where, at -1 V the filament begins to breakdown and 

rupture. This rupturing continues until the maximum negative voltage (reset) amplitude is 

reached. Each subsequent switching pulse causes the device to switch between set and reset 

or LRS and HRS respectively.  
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Figure 3-40: Forming and pulsed IV plot showing the higher voltage forming pulse, first reset, and 

subsequent switching operations. An inset shows the resistance calculation at -0.2 V and subsequent 

HRS vs. LRS resistances and MW. 
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Of note is that the first reset induces a larger current and a higher shift in required electric 

field before initial ruptures occurs. This is due to the larger electric field and current that is 

observed in the forming process [27]. Both conditions cause the oxygen vacancies to be pushed up 

into the OEL or TE reservoir to a greater extent than in any subsequent pulsing operation. The 

possibility of stronger bonding of oxygen subsequently requires the higher electric field to break 

down.  

 

Figure 3-41: Forming and switching operation from a pristine ReRAM device where each schematic 

shows (a) a pristine device is shown, (b) a formed device with a filament between electrodes, (c) a 

reset device with a partial filament and a gap td, (d) a set device where the complete filament is re-

established. The standard endurance operation involves switching between reset and set 

continuously. 
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This process can be observed in Fig. 3-41 where the forming and switching 

operations are schematically shown with the oxygen vacancies distributed randomly with 

a pristine device followed by a formed filament and subsequent switching cycle between 

reset and set. The shifting of oxygen vacancies between the OEL and the SL was shown in 

[256], [257] where resistive switching in Ti/HfO2/TiN was investigated in-operando by 

hard x-ray photoelectron spectroscopy (XPS). This work compared the pristine state, set, 

and reset states at the HfO2/Ti interface. An enhanced Ti/TiOx/HfO2 interface occurs due 

to oxidation from contact with oxygen-gettering activity of Ti. The formed TiOx layer acts 

in conjunction with the Ti OEL during resistive switching process as an oxygen reservoir. 

During the forming and switching processes the Ti0 through Ti4+ atoms were investigated 

at the interface. It showed that during the switching operation between reset and set a shift 

in Ti1+ and Ti3+ occurs. When the device was switched from reset to set the Ti1+ and Ti3+ 

concentrations went from 9.9 to 10.8 and 5.9 to 4.9 respectively. This means that more O2- 

oxygen anions are prevalent in the OEL layer during set operation proving that the set 

operation pushes the oxygen anions into the OEL. 

To get a better understanding of the switching operations a current vs. time plot is 

investigated in Fig. 3-42. During the reset and set operation a triangular pulse spanning 20 

µs is applied. For Fig. 3-42 (a) the reset operation shows an ohmic response signifying the 

filament is still stable. After around 5 µs a sharp change in current is observed where the 

rupturing of the filament begins. For the remainder of the pulse period the current remain 

below what would be expected for a stable filament. In Fig. 3-42 (b) the I-t Set curve is 

plotted where between 0 and 5 µs an abrupt change in the current is observed. This abrupt 

change indicates the shift from a partial filament to an intact filament. The difference in 



119 

 

current change between the two operations switches between filament and ruptured filament is of 

key importance as this indicates that more control of breaking the filament is possible compared 

to the ñrun-awayò formation operation. This will be further investigated in Chapter 5 which deals 

with switching operations that require multiple similar pulses. 
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Figure 3-42: Current -Time (I-t) curve for (a) reset and (b) set. 

 

As stated previously one of the key requirements for operation of ReRAM devices is the 

requirement for low power switching operations. Thus, a simple power calculation was performed 

using Fig. 3-42 where the area under the curve was calculated. This calculation resulted in the reset 

and set operation using 1.225 nJ and 4.46 nJ respectively. This can be further reduced with faster 

pulsing operations. Both these values are below the required pulsing energy (10 pJ per switching 

cycle) and shows an inherent lower consumption cost for reset operations compared to set. 

Changing the filament size and distance from the bottom electrode (BE), thus changing the 

resistance of HRS and LRS, can be accomplished in several ways. One way includes adjusting the 

transistor-limited current that flows through the device during set operations, while the second way 

involves adjusting the voltage amplitude of the reset voltage pulse. In Fig 3-5, a schematic of the 
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changes to the filament when applying different Set currents and Reset voltages is found. 

When the current applied during Set is adjusted from 40 µA to 200 µA the filament size 

increases in area. This is due to the increased energy that allows for more oxygen vacancies 

to travel from the SL into the OEL layer thus leaving behind a larger oxygen vacancy 

filament [90]. 

 

Figure 3-43: Set and Reset schematics showing the effect on the filament when different compliance 

currents (Icomp) are used during Set and different negative voltage amplitudes (Vneg) during Reset. 

 

This increase in area of the filament directly correlates to a decrease in the 

resistance of the device. This is due to the metal filament and subsequent equation: 

 
Ὑ ‏

ὒ

ὃ
ȟ 

( 7 ) 
 
 

Where ŭCF is the resistivity of conductive filament. By changing the Reset 

amplitude voltage, the electric field can be controlled. When the applied voltage increases 

from -1.2 V to -1.6 V a larger depletion distance (td) is found. This is due to an increase in 

the electric field allowing for more oxygen anions to fill the filament at the gap between 

the BE and the bottom of the filament. As an increasing electric field is applied, the 
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subsequent temperature increases at the smaller end of the filament, allowing for improved hot 

electron movement causing the filament gap to grow [170]. This correlates to the following 

equation regarding change in td: 

 Ὠὸ

Ὠὸ
ὃὩ ȟ 

( 8 ) 
 
 

Where A is a constant, EA is the energy barrier for ion migration, and T is the local 

temperature along the CF [258].  
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Figure 3-44: Pulse IV of variable compliance current (Icomp) from 25 µA to 1.04 mA. 
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To further understand the effect of parameter adjustment on transistor controlled current 

flow (Icomp) and negative voltage (Vneg), Pulse IV plots were performed in Fig. 3-44 and Fig. 3-45. 

In Fig. 3-44, the Icomp was varied between 25 µA and 1.04 mA while all other conditions were kept 

at standard parameter values. There are two main observations from the pulse IV plot which is the 

consistent increase in Vreset (the point where rupture begins) as Icomp increases and the decrease in 

Vset (the point where formation of filament occurs) until it is stabilized around 500 µA.  
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Figure 3-45: Pulse IV of variable Vreset or Vneg from -1.0 V to -2.0 V. 

 

In comparison, looking at Fig. 3-45, when the maximum Vreset or Vneg value is increased 

we can observe a shift in Vset until too larger of a Vreset value is chosen which results in a collapse 

of the Pulse I-V window. A resultant shift in the return current during the reset operation also 

indicates that a decrease in current is found which suggests a higher resistance and wider depletion 
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distance. These observations are expanded upon in Fig. 3-46 where a comprehensive 

representation for Icomp variation (a-c) and Vreset variation (d-f) are shown. In Fig. 3-45 (a, d) the 

resistances of LRS and HRS are plotted. In (a), as Icomp increases the LRS and HRS begin to 

separate, where LRS continues to decrease suggesting an increase in the area of the filament. HRS 

maintains its resistance until around 600 µA when the HRS begins to drift downwards. This can 

be justified by an increase in Icomp causing the oxygen anions to be further trapped in the OEL and 

OEL/SL interface and while maintaining the same electric field for the Reset operation some 

excess oxygen anions could no longer return to the SL during Reset causing a drop in the depletion 

distance. In (d), as the Vreset is increased the HRS resistance increases logarithmically until -1.9 

V before a sharp drop and increase in HRS and LRS, respectively. This process involves an 

increase in the depletion distance as Vreset increases and the sudden collapse will be investigated 

in more detail in Section 3.4. 

In Fig. 3-46 (b), a comparison between the Vreset and Vset is shown. As stated before, when 

the Icomp increases the Vreset trends higher due to the increased electric field needed to drive oxygen 

anion movement. The Vset has an initially decreasing trend, but overall maintains a stable value 

throughout the Icomp variation. Initial variation in Vreset and Vset can be observed at low Icomp due to 

insufficient energy to cause LRS switching. In (e), a steadily increase in Vset is found as the 

maximum Vreset is increased. This can be justified by a reduced presence of oxygen vacancies in 

the SL during Reset. The increased area for filament formation requires a larger amount of oxygen 

anions to be brought down from the OEL. To do this a larger electric field is needed resulting in 

the subsequent increase in Vset. Finally, in (c, f), the maximum Reset current (IReset) is compared 

the IReset/Icomp ratio, which represent a healthy device where a ratio ~1 give the best switching 

results [27], [237]. For both plots, a ratio of ~1 was maintained indicating long-term device 
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longevity. Increasing Icomp caused corresponding increase in IReset while increasing Vreset the IReset 

was stable. The only instances of the ratio failing to maintain ~1 was during low Icomp or high Vreset 

which indicated failed switching operations. These operation details will be further investigated 

for failure regimes outside the given values in later sections. 
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Figure 3-46: Plots for variable Icomp (a-c) and variable Vreset (d-f) showing (a, d) LRS vs. HRS, (b, e) 

Vreset, Vset, and the standard deviations for both, and (c, f) maximum Reset current and the ratio 

between IReset and Icomp (I Reset/I comp). 

 

3.3. Current -Based Stress Failure Analysis 

Current stress for ReRAM devices, especially those in series with selector devices, 

involves the adjustment of the gate control in 1T1R devices. Too much current flow through the 

device can cause switching failure. Thus, to expand on the previous sections and, to understand 

the effect of current stress on our ReRAM devices, a more intensive maximum compliance current 

(Imax) based ReRAM endurance sweep was performed. The results of this work are shown in Fig. 
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3-47 (a), where a standard set, read, reset, read pulse train was applied. Increases in peak switching 

current between 1 µA and 1.5 mA were implemented, where every 1000 switching cycles a new 

compliance current was employed. Over these compliance currents, current stresses at high and 

low energy operations were found. This was also observed in Fig. 3-47 (b) where the Memory 

Window (MW) was calculated from the ratio between high resistive state (HRS) and low resistive 

state (LRS). A value above 10 was chosen as an acceptable MW for ReRAM operations based on 

previous literature [181], [254]. 

 

Figure 3-47: Impact of maximum operating current Imax on ReRAM switching metrics: (a) 

Switching endurance, (b) memory window, and cross-sectional schematic of ReRAM conductive 

fil ament (c) in the set failure regime with lack of oxygen vacancies to fill gap and low energy, and (d) 

reset failure regime with too many oxygen vacancies. 

 

The variation in the CF size within this operation window, as observed in [219], showcases 

a low energy ñset failureò regime where a lack of energy for oxygen vacancy (V0-) creation hinders 

όŀύ όōύ 

όŎύ όŘύ 

50 µA Җ 

Imax Җ 1.25 mA MW > 

10               (Green 

shaded area) 
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CF formation illustrated in Fig. 3-47 (c). This implies a stuck at ñ0ò operation, however due to low 

energy usage minimal degradation to the device is observed. At the other side of the spectrum, 

above 1.35 mA a high energy ñreset failureò regime is found where there are too many oxygen 

vacancies and a lack of energy for CF rupturing, Fig. 3-47 (d), implying a stuck at ñ1ò failure. This 

is due to a greater Imax resulting in a larger effective CF cross-section during SET transition [219]. 

From this we can divide our operation window into 3 main regions of operation for current based 

stress cases, as shown in Fig 2(a). 1) Imax Ò 15 ÕA, 2) 15 ÕA Ò Imax Ò 1.35 mA, and 3) Imax Ó 1.35 

mA. 

A final observation is the gradual decrease in HRS resistance between 890 ÕA Ò Imax Ò 1.35 

mA. Due to the increase in the size of the filament as Imax increases, when a constant reset voltage 

amplitude is used, the re-oxidization of the filament cannot be sustained. This results in the gradual 

decrease in HRS for compliance currents larger than 890 µA as well as multiple instances of failure 

of device switching compared to compliance currents less than 890 µA. Excessive Imax eventually 

pushes the device into the ñreset failureò regime. This however is still within a ñstableò window 

where MW > 10. To maintain an increased MW a subsequent increase in reset voltage amplitude 

would be needed.  

A deeper look into the current relationship between the set and reset operations is observed 

in Fig. 3-48 where switching I-V plots are shown. The IV plots represent all three regimes at (1) 

20 µA, (2) 400 µA, and (3) 1.35 mA. At low energy, Fig. 3-48 (a), a current mismatch between 

reset current (IReset) and Imax represents device degradation [251] where the excess IReset is proposed 

to extract more defects into the SL from the bottom electrode - switching layer (BE-SL) interface, 

resulting in long-term degradation. For a balanced set/reset switching process, the IReset/Imax ratio 

should be ~1. This limitation suggests that at 20 µA device longevity is a major issue which limits 



127 

 

ReRAM being used as a NAND replacement [214]. As Imax is increased, (b) and (c), the current 

ratio reaches the optimal value and is maintained. This implies excess defect generation is averted. 

 

Figure 3-48: Switching current-voltage characteristics of fabricated 1T1R cell for different applied 

I max: (a) Imax = 20 µA (set failure), (b) Imax = 400 µA (stable), and (c) Imax = 1.35 mA (reset failure). 

 

3.4. Voltage-Based Stress Failure Analysis 

Voltage stress for ReRAM devices involves a variation in the applied voltage amplitudes 

and subsequently electric field on the ReRAM device. For our 1T1R ReRAM devices, the positive 

voltage maximum are controlled by the 3.3 V, 2 mA NFET transistor. Thus, if the positive voltage 

is below the maximum allowed by the transistor, no serious voltage-based stress failure can occur. 

Vice versa, if the applied positive voltage is too small then there is a change of device switching 

failure due to insufficient energy as seen in Fig. 3-46 (a). Then, from this, the only other possible 
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application would be through the variation of the applied negative voltage which has no transistor 

control. To expound on this, extended voltage-based stress analyses were performed on our HfO2 

1T1R ReRAM devices and corresponding switching IV plots are shown in Fig. 3-49 (a-c). These 

3 plots show a device at Vneg = -1.5 V, a device at the onset of failure at Vneg = -1.9 V, and a device 

in failure at Vneg = -2 V. This illustrates that an increased Vneg results in an increased IReset/Imax 

ratio resulting in device degradation [4]. An exponential increase in switching energy during reset 

is observed in Fig. 3-49 (d) where current increases from ~500 nA to ~100 µA as failure is induced. 

Of note is the degradation of MW at the onset of failure and the complete lack of MW at device 

failure. 

 

Figure 3-49: Switching current-voltage characteristics of fabricated 1T1R cell for different applied 

negative voltage for Reset  V_neg: (a) V_neg  = -1.5 V (stable device), (b) V_neg  = -1.9 V (onset of 

failure), (c) V_neg  = -2 V (device failure) (d) ReRAM HRS current read at -0.2 V for V_neg  of -1.5, 

-1.9 and -2 V. 
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Following this, a Vneg endurance sweep was performed between -0.9 to -1.9 V, Fig. 3-50, 

where 1000 switching cycles were averaged into 10 data points every -0.05 V step. Observed in 

these data are four types of operating windows as well as three trends. As Vneg is increased, 

between -0.9 V and -1.7 V an exponential growth trend in the HRS is observed. This is followed 

by a HRS and LRS convergence trend between -1.7 V and -1.85 V. The LRS increases as the cycle 

count increases while HRS decreases. This result could be due to a possible electrode oxide 

induced barrier layer which was previously observed in [259]. This is mainly due to the formation 

of a metal oxide deep within the oxygen exchange layer (OEL). This partial failure can be partially 

reversed with larger pulse voltages/currents for set. Finally, after -1.85 V there is a failure regime 

that is observed.  

 

Figure 3-50: Variation of negative applied voltage between -0.9 V to -1.85 V showing different 

operating windows for ideal (blue), close to ideal (green), soft breakdown (yellow), and hard 

breakdown (red).  
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From these trends we can define several operational windows. Highlighted as yellow, 

between -0.9 V and -1.05 as well as between -1.70 and -1.85 V, a soft-breakdown operating 

window is observed. This window is established either due to insufficient memory window (MW), 

the ratio between HRS and LRS, i.e., usually MW < 2, or a collapsing MW as seen between -0.9 

and -1.05 V and between -1.70 and -1.85 V respectively. Highlighted as green and blue are two 

operating windows that give a large enough MW with no sign of device degradation. These are 

the preferred ideal operating conditions for any switching operations. The main difference is that 

the highlighted green sections correspond the regions directly next to the soft-breakdown regions, 

thus a small region is needed to account for inherent device variation as the limits of -1.05 and -

1.7 V are not static. The final operational regime is the hard-breakdown failure regime which 

occurs after -1.85 V. This regime represents a complete device failure with no possible switching 

operations feasible.  

 

Figure 3-51: Cross-sectional schematic showing effect on SL filament as Vreset is increased from -1.0 

V to -2.0 V.  

 

In work performed by previous graduate student Jubin Hazra in his dissertation, it was 

found that our TiN/HfO2/Ti/TiN ReRAM stack operates in the characteristic of trap-assisted-

tunneling (TAT) conduction mechanism [260] at room temperature. This changes to an Ohmic 

conduction mechanism when the failure regime is met. The change in current transport mechanism 



131 

 

(from TAT to Ohmic) at higher Vneg voltage is attributed to increased V0 concentration and 

consequent increase in CF conductivity [261]. Fig. 3-51 shows the cross-sectional schematic of 

ReRAM CF between -1.0 V and -2.0 V. Starting at Vneg of -1.7 V we hypothesize that the increase 

in IReset and converging LRS/HRS is due to the injection of defects into the filament and switching 

layer from the BE-SL interface [237], [251]. Additional defects such as contaminants during 

fabrication or Ti or N ions can flow into the SL. These defects then stack with other original defects 

causing an imbalance in the set/reset operation, consequently increasing the filament cross-section 

[237], [251]. Finally, at Vneg of -2.0 V, in this scenario, the defect migration rate from the BE-SL 

interface into the filament is much higher compared to the defect migration rate from the filament 

to the TE resulting in a significantly large expansion of CF cross-section. Large CF dimensions 

could inhibit set transition, since voltage drop across the filament is much smaller compared to 

Vset and repetitive cycling with switching pulses continue to increase filament size (hence IReset 

current) resulting in irreversible device failure. During device failure, Vreset > -1.7 V, another 

interaction between the BE-SL interface is possible due to the formation of a TiOxNy layer between 

the two layers [262], [263]. This layer with trapped oxygen anions could allow for additional 

oxygen to be provided to the SL during set operations causing an increase in LRS. 

Now that a basic understanding of what effect voltage-based stress has on device operation 

and failure, we shall look at how ReRAM devices operate when both voltage and current stresses 

are varied. In Fig. 3-52, the HRS and LRS resistance values are plotted where Vreset was varied 

between -1.0 V and -1.7V at -0.1 V steps at four separate Icomp. A Icomp of (a) 51 µA, (b) 165 µA, 

(c) 323 µA, and (d) 511 µA were used. Two pieces of information can be gleaned from these plots. 

First, LRS values steadily decrease in resistance at every increase in Icomp, which was expected. 

Second, at higher Icomp values, the MW at low Vreset value decreases until 1.  
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Figure 3-52: HRS and LRS resistance plots for varying Vreset between -1.0 V and -1.7 V for (a) 51 µA, 

(b) 165 µA, (c) 323 µA, and (d) 511 µA. 
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Figure 3-53: Plots showing effect of variable Vreset between -1.0 V and -1.7 V for 51 µA, 165 µA, 323 

µA, and 511 µA on (a) MW, and (b) HRS resistance. 
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This can be further supported by Fig. 3-53 which shows the (a) MW at each Icomp and the 

(b) HRS comparison. As Vreset increases, (a) the MW of each device increases. This is compounded 

by an increase in MW due to increasing Icomp. However, both increases have limits that were 

previously observed where the MW of Icomp at 511 µA is lower than at 323 µA. This is due to 

increased filament size, which makes it difficult to achieve sufficient filament rupture at similar 

parameter conditions. Also, a drop in MW is observed at -1.7 V for 323 µA, owing to a possible 

soft-breakdown and injection of defects into the SL. The HRS observed in (b) shows a decreasing 

trend in resistance at all Vreset values and can lead to an eventual non-switching condition. 

 

3.5. Time and Temperature-Based Stress Analysis 

A push for lower energy consumption and increased computation speed is being seen in 

industry. Thus, decreasing energy while maintaining operation efficiency is needed for ReRAM 

switching and standard operation of NNs. To accomplish this a time and temperature-based 

analysis is necessary. The effect of forming has been observed and previously discussed in Chapter 

2 where a requirement for most CMOS integrated circuits is established with hard limits on how 

large of a voltage can be applied with respect to the transistor that is placed in series. The transistor 

used in our 65 nm 1T1R ReRAM devices is rated until a maximum 3.3 V. To counteract this, the 

effect of time pulse duration is considered where in Fig. 3-54 a forming and switching operation 

analysis over 20 devices was performed showing the (a) forming voltage, (b) post-form HRS 

resistance, and (c) post-form LRS resistance. As the pulse period for forming increased 

logarithmically from 1 µs to 10 ms, a steady decline in forming voltage from 4.1 to 3.1 V was 

observed. The HRS post-forming was relatively stable regardless pulse width, however, the LRS 

post-forming followed a steady decline in resistance due to the increase in energy provided during 
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forming. While this overall trend does hold promise, the fact that the energy required to reduce 

forming voltage increases is opposite what is required in industry and other methods are needed to 

address this. 

 

Figure 3-54: Effect of varying forming pulse widths from 1 µs to 104 µs on (a) forming voltage, (b) 

post-forming HRS, and (c) post-forming LRS. 
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Figure 3-55: Retention over 104 seconds for varying Icomp and Vreset. 
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Another key requirement for ReRAM and other memory devices is to maintain the same 

logic state for >10 years [190], [264], [265]. To accomplish this, the ReRAM device should not 

drift or change in resistance over this period. This process is completed through multiple read 

pulses preformed over a certain time frame. In certain studies, it was found that a drift in HRS 

resistance downward and a drift in LRS resistance upwards is reported for smaller and larger 

filament cross section areas. This would suggest that the degradation of the LRS and HRS states 

when studying retention time is primarily determined by a diffusion process. Thus, the filament 

diffuses radially and longitudinally for smaller and larger filament diameters, respectively [237]. 

The most typical cases of an increase in LRS and a decrease in the HRS is found in [266]ï[270].  

In Fig. 3-55, the median read pulses of 25 devices over 104 seconds at separate Icomp and Vreset 

voltages were measured. This allows for the measurement of LRS and HRS resistance for varying 

Icomp and Vreset, respectively. As Icomp increases, the retention over 104 seconds shows a decrease 

in variability, while conversely, as the Vreset increases the HRS retention increases in variability. 

Each separate resistance level, however, maintained its median resistance value over the 104 

second period indicating the possibility of longer-term retention.  
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Figure 3-56: 50,000 second retention operation using 25 devices over 5 temperatures from 25 ºC to 

125 ºC in 25 ºC steps. 
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To illustrate the effect of temperature on retention, 25 devices were measured to produce a 

median HRS resistance over 5x104 seconds at temperatures between 25 °C and 125 °C in 25 °C 

steps, Fig. 3-56. Over the 5x104 seconds the resistance values were maintained with no significant 

drift. 

 

Figure 3-57: Resistance values for (a-c) HRS and (d-e) LRS at varying Icomp for pulse periods of (a, 

d) 10 µs, (b, e) 1 µs, and (c, f) 100 ns. Each plot also shows the difference between resistance values at 

temperatures of 25 and 125 °C. 

 

When comparing the effects of varying pulse widths for switching and including an 

external energy stress (temperature) there are several considerations. In Fig. 3-57 (a-f), for 25 

devices, the HRS and LRS resistance values are observed for varying Icomp, pulse period for Vset 

and Vreset, and temperature between 20 µA and 640 µA, 10 µs to 1 µs to 100 ns, and between 25 

and 125 °C respectively with 1000 pulses averaged at each parameter condition. In (a) when a 

larger pulse width (10 µs) was used, the effect of temperature on HRS was not apparent as there is 




















































































































































































