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Abstract

A human brain can perform compute-intensive tasks, such as multi-object recognition, reasoning,

and decision-making, consuming only 20 W power. Whereas, to recognize 1000 different objects, a

CPU consumes around 250 W power. Around 1011 neurons in the human brain are interconnected

through approximately 1015 synapses responsible for the brain’s exceptional computing capacity. The

advancements in processing technology have reduced the technology nodes drastically, which further

reduced the power consumption of the processors; still, they cannot match the low power consumption

of the human brain. Even with the latest technological advancements, optimizing the processors

with Von Neumann architectures for speed and power becomes challenging because of the memory

bottleneck.

The root cause of the memory bottleneck in a processor is the separation of memory and processing

units. Even though the processors can be designed to be superfast, the applications that run on

these processors, especially the artificial intelligence applications, need large amounts of data to be

transferred from memory to the processing unit. A simple matrix multiplication involves multiple

reading, processing, and writing operations. It worsens further with an increase in the size of the

matrix.

This motivated researchers to explore other paradigms, such as in-memory and near-memory com-

puting, where computations are performed in the system’s memory. Such modifications at the archi-

tectural level have improved the performance of the processing units. However, the ever-increasing

demands of AI applications have forced researchers to look deep into the brain’s functioning to opti-

mize area, speed, and power. The human brain does not have separate memory and processing units.

Therefore, it does not require any read or write cycles. This evolved a new neuromorphic computing

era, in which brain’s critical algorithmic and computational features are emulated in silicon-based

hardware to improve performance at minimal power consumption. Since neurons and synapses form

ix
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the basic elements of a neuromorphic architecture, it is anticipated that optimizing these elements

would result in area and power-efficient large-scale neuromorphic computing architectures.

The scientific community prefers neuromorphic systems realization using digital logic. Since the

number of neurons required for practical applications is large, this increases the overall power and

area consumption. Implementation of neurons in the analog domain is also an attractive solution.

However, the large-scale realization of such architectures becomes inefficient because of its high power

consumption even when implemented on the lower technology nodes. Efforts have been made to design

analog neurons using CMOS transistors, but the energy consumption remains in the range of pJs.

Motivated by these facts, we propose a Resistive Random Access Memory (RRAM) based integrate

and fire neuron. RRAM is employed as a voltage divider for integrate and fire (I&F ) operation. The

proposed neuron exhibits temporal integration, triggering threshold, and refractory period similar to

a biological neuron making it a suitable candidate for large-scale neuromorphic systems.

Another major component of neuromorphic systems is the synapse. RRAMs have been widely

explored to design synapses. However, variability in RRAMs is a major hindrance while implementing

large-scale neuromorphic architectures. Multilevel cells have been extensively explored to obtain multi-

bit precision in a single cell. Although it provides considerable advantages regarding area utilization

and power consumption, implementing circuits for precise programming of the resistive state is a

significant challenge. Therefore, this thesis proposes an RRAM-based synaptic architecture with a

continuous sensing and feedback scheme to stop RRAM programming when the required conductance

is achieved.

The work proposed in this thesis demonstrates that RRAM can be efficiently employed to imple-

ment energy-efficient integrate and fire neurons. We further design an RRAM-based reprogrammable

synapse. The precise RRAM programming mechanism shows that the Cycle-to-Cycle and Device-to-

Device variations that are pertinent to RRAM devices can be resolved effectively using circuit-level

techniques. Finally, we implement a spiking neural network to evaluate the performance of the pro-

posed integrate and fire neuron and programmable synapse.

x
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1. Introduction

1.1 Beyond Von Neumann architecture

AI applications running on conventional computing systems, such as CPUs, GPUs, and FPGAs,

follow the Von Neumann architecture. A comparison between the human brain and the modern CPU

is shown in Table. 1.1 illustrates a massive difference between the power consumed by the CPU. This

is due to the massive parallelism and excellent coordination among millions of neurons and synapses

in the human brain. The functionalities performed by a human brain parallelly are significantly higher

than the CPU.

Table 1.1: Brain Vs CPU

Properties Computer Human Brain

Basic unit 10 Billion Transistors
100 Billion Neurons
100 Trillion Synapse

Processing mode Serial and parallel Massively Parallel

Power Consumption 100 Watts 20 Watts

Input output for each unit 1-3 1000

Signalling mode Digital Analog

Although artificial neural networks (ANNs) mimic the human brain, their hardware implementa-

tions still need to be improved to achieve energy efficiency and accuracy similar to the human brain.

Implementing machine learning algorithms on the conventional Von Neumann architectures requires

enormous data transfer between the processor and the memory, resulting in high power consump-

tion and memory bottleneck, which limit the performance of highly efficient algorithms running on

the most efficient computing systems. Fig. 1.1 elaborates on the bottleneck created by data transfer

between CPU or GPU and memory.

The memory bottleneck is often associated with accessing the data from off-chip memory, and it

is fundamental to any architecture that separates the processing unit from the memory. Therefore,

even solutions, such as distributed computing, can be helpful only to a certain limit because there is

a communication cost associated because of data movement from the point of storage to the point of

computation outside the memory.

Specialized hardware has evolved to resolve the memory bottleneck problem. Digital accelerators

and domain-specific processors have achieved 10 − 1000× higher energy efficiency and speed than
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1.1 Beyond Von Neumann architecture

Figure 1.1: Memory Bottleneck

general-purpose processors, but efficient memory access or data movement is still an issue. The in-

memory and near-memory computing provides a possible solution to this problem, but a true brain-

inspired architecture can address this issue more prominently. Neuromorphic computing, also called

brain-inspired computing, has shown promising results in resolving the memory bottleneck problem.

1.1.1 Neuromorphic computing

Neuromorphic computing started as a concept developed by Carver Mead in the late 1980s, de-

scribing the use of Very Large Scale Integration (VLSI) systems containing electronic analog circuits

to mimic neurobiological architectures in the nervous system. It is an emerging interdisciplinary field

that combines biology, physics, mathematics, computer science, and engineering to design hardware

or physical models of neural and sensory systems.

Neuromorphic computing takes inspiration from the functionality of the brain. The human brain

performs several impressive tasks, such as simultaneous recognition, reasoning, control, and move-

ment, while consuming much less power than modern computers [1]. Although the brain is not yet

fully explored, its remarkable capability may be attributed to three fundamental observations: ex-

tensive connectivity, structural and functional hierarchy, and time-dependent neuronal and synaptic

functionality [2]. Neurons and synapses form the primary component of the brain. Neurons are the

computational primitive elements that exchange or transfer information through discrete action poten-

tials or ’spikes.’ At the same time, synapses are the storage elements underlying memory and learning.

3
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The human brain has a network of billions of neurons, interconnected through trillions of synapses.

Spike-based temporal processing allows sparse and efficient information transfer in the brain.

Similar to the brain, neuromorphic computing systems comprise synapse and neuron circuits to

emulate large-scale neural networks. Previous-generation neuromorphic systems developed using con-

ventional design techniques could have been more area and power efficient. However, the existing

neuromorphic systems designed using state-of-the-art memristive devices have shown great promise in

solving major scientific problems more efficiently than conventional systems.

1.1.2 Neuromorphic processors

In the last decade, neuromorphic processors have been developed by a few industries and research

institutes. Neurogrid [3], TrueNorth [4], DYNAPs [5], SpiNNaker [6], Loihi [7], and Braindrop [8]

are prototypical neuromorphic processors that have recently been released. All these processors have

been designed using different technologies; therefore, their working principle and capabilities vary

greatly. Note that all these processors realize spiking neural networks on the hardware. All these

neuromorphic processors were designed mainly for spiking neural networks that are more symmetrical

and closely resemble the brain’s functionality. [3], [4] initially aimed to reverse engineer the central

nervous system, including the retina. Note that the spiking neural network can closely model the

central nervous system and is of utmost importance for neuromorphic computing.

The digital neuromorphic prototypes, TrueNorth [4], SpiNNaker [6], and Loihi [7] exhibit the

flexibility of network configuration as well as neuron model parameters and learning algorithms. The

advancements in circuit fabrication techniques result in digital neuromorphic systems’ high-speed and

low-power operation. Field Programmable Gate Arrays (FPGAs) have also emerged as an efficient

platform for implementing neuromorphic systems. To date, various architectures of synapses and

spiking neurons [9], [10] and neuromorphic systems for reconfigurable spiking neural networks [11]

have been realized using FPGAs.

SpiNNaker is a digital neuromorphic processor designed to simulate the spiking neural networks

to meet the human brain complexity [12]. This is achieved with the help of ARM9 cores that can

access the local memory of the system and shared memory across the multicore chip. The messages

are processed faster as the system is optimized for small packet codes by keeping short queues. This

helps SpiNNaker implement fundamental brain functionalities, such as high fan-in and fan-out connec-

tivity, locality of information, and event-driven computation. The SpiNNaker consists of 18 ARM968
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1.1 Beyond Von Neumann architecture

processors. Forty-eight chips having 864 cores are assembled on one board.

TrueNorth is a digital CMOS chip consisting of a million neurons. IBM developed TrueNorth in

2014 using 28 nm process technology [13]. It consists of arrays of 4,096 cores consisting of synapses

and neurons. Each core consists of 12.75 KB of local memory to store the states and parameters

of the neuron and synapse. The chip consists of 256 million synapses. Since the memory and the

processing core are co-located and due to the event-driven custom design, it can perform 46 billion

synaptic operations per second per watt with 26 pJ per synaptic event. The power density achieved

by TrueNorth is 20mW/cm2, which is about 3× less than a typical CPU.

The BrainScaleS processor is a mixed-signal processor with analog circuits for neurons, synapses,

and digital communication blocks [14]. A single chip consists of 512 spiking neurons and about 14, 000

synapses. The time between the pre-synaptic and post-synaptic spikes is measured with the help of

dedicated sensors at the synaptic circuits. This enables learning rules that can be highly flexible to

be implemented on BrainScales, which includes learning rules like reward-based learning.

Loihi is a neuromorphic processor introduced by Intel in 2018. It is developed using a 14 nm

FinFET process [7]. The synapse and neurons in this processor are programmable. The chip has 128

neural cores. Each core of this processor consists of 2 MB of SRAM that stores various parameters

of 1024 neurons. It is also powered by ×86 processors and 16 MB memory for synaptic operations

that support a resolution of 1− 9 bits. It supports around 130, 000 neurons and 130 million synapses.

Loihi supports core-to-core multicast and population-based hierarchical connectivity, enabling network

connectivity similar to the biological level. The processor can implement learning rules like triplet

STDP, STDP, and SRDP. The energy consumption per synaptic operation is 15 pJ while performing

30 billion synaptic operations per second (SOPS).

The NeuroGrid platform implements a large-scale neural model to implement their function in real-

time [15]. Therefore, the memory and the computing resources have a time constant that matches the

signals to be processed. It consists of analog-mixed signal threshold circuits to implement continuous-

time neural processing elements. The functions of neurons and synapses have been efficiently im-

plemented using the subthreshold operation of field-effect transistors. It consists of a board with 16

CMOS chips connected as a tree network. Each chip consists of a 256 × 256 array of neurons and

64 KB of synaptic memory. A NeuroGrid board consists of a billion synapses and around one million

neurons that can efficiently model the cortical networks.
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Table 1.2: Comparison of Neuromorphic Processors

Processor Loihi TrueNorth SpiNNaker DYNAP-SE

Developer Intel 2021 IBM 2004
University of

INI Zurich 2018Manchester
2018

Configuration
130,000 neurons, 256 neurons, 57,600 ARM9 processors, 1024 neurons,

130 million synapses, 268 million synapses 1,036,800 cores and 64K synapses
4096 cores over 7 TB of RAM

Power 23.6 pJ per 26 pJ per 100W and an 17 pJ per synaptic
consumption synaptic operation synaptic operation air condition operation

environment

Advantages

Digital ASIC at

Digital ASIC at 28nm

130 nm process Mixed signal
14nm FinFET More flexible as inclusion 180nm

of new model involves
just a change of code

Disadvantages
Digital implementation SNN emulation

Energy inefficient Area overheadresults in large area without on-chip
and power consumption learning

Dynamic neuromorphic asynchronous processors (DYNAP) is a mixed-signal neuromorphic pro-

cessor introduced by the Institute of Neuroinformatics, Zurich. It is developed using 180 nm CMOS

technology. The processor consists of 64, 000 synapses and 1, 024 neurons [16]. It consists of four

cores having 256 analog neurons each. The CMOS transistors are operated in the subthreshold region

to implement the neuron’s temporal dynamics. Whereas to allow programmability of the network,

asynchronous digital circuits are employed. The analog circuits implement a wide range of neural and

synaptic features, including spike frequency adaptation that is crucial in implementing long short-term

memory (LSTM)-like networks with spiking neurons. Moreover, the device variation and mismatch in

CMOS analog circuits are explored to implement reservoir computing and neural sampling.

ODIN is a neuromorphic processor developed by the Catholic University of Louvain in 2019. It

is fabricated in 28 nm technology. The core supports 256 programmable neurons to implement first-

order LIF and second-order Izhikevich dynamics [17]. 4 KB SRAM array stores the local neuronal

parameters, and the neuron logic is time multiplexed using a global controller to obtain the neuron’s

dynamics sequentially. The core also consists of 3 − bit 2562 synapses implemented using 32 KB

of SRAM array. The processor features on-chip learning capability, and an additional bit in each

synapse is used to turn online learning on or off. Using the Modified National Institute of Standards

and Technology Database (MNIST) data set, the chip demonstrated on-chip learning with an accuracy

of 84.5 % while consuming 15 nJ per inference.

A comparison of various neuromorphic processors is shown in Table. 1.2. It can be observed that
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all the processors are designed to support millions of neurons and synapses, similar to a brain. The

SpiNNaker consists of 18 processor cores grouped on a chip. About 48 such chips with 864 cores

are assembled on a single board. The Loihi that uses a 45 nm FinFET ASIC technology consumes

23.6 pJ of energy per synaptic operation. Whereas the TrueNorth implemented using 28nm CMOS

technology consumes 26 pJ of energy per synaptic operation. The change in technology nodes can

be seen in their performance. Dynap-SE used CMOS 180 nm technology node, and still, it consumes

only 17 pJ of energy per synaptic operation. This is because the neurons and synaptic circuits are

implemented using a mixed-signal approach. Hence, implementing low-power neurons and synapses

can improve the overall performance of the system and can result in low power consumption.

An emerging strategy is to utilize non-volatile memory devices, such as phase-change memory,

magnetic tunnel junction, oxide-based resistive memory, and floating-gate transistor, as synaptic de-

vices [18]. These devices also enabled mixed analog implementation of various neuromorphic com-

puting system building blocks, such as the synapse and the neuron. Since the number of synapses

and neurons in a neuromorphic system is huge, replacing mainstream static random access memory

or content-addressable memory with such non-volatile memories can remarkably improve the system’s

performance. The multiple states supported by these devices can further boost the system density,

reducing the size of the chips by multifold [19].

1.2 Neuron

Neurons are the primary computing elements in a neuromorphic system. Researchers have been

trying to mimic the essential dynamics of biological neurons using CMOS circuits. Most neuron

models implemented in neuromorphic computing systems have the basic concept of accumulation of

charge and fire when a threshold is reached to affect other connected neurons. Instead of mimicking

all the dynamics of biological neurons, the leaky-integrate-and-fire (LIF) and integrate-and-fire (I&F )

neurons have sufficient dynamics to produce satisfactory results for most neuromorphic applications.

1.2.1 Biological neuron

A neuron is the fundamental anatomical unit of the nervous system. Fig.1.2 shows an artistic

view of a neuron. The long and filamentary extensions of the single cell are called processes. A tree

of such processes is called a dendrite. The synapses form the junction between two neurons and are

responsible for information processing in the neural system. Some neurons have a specialized process

7

TH-3339_186102005



1. Introduction

called an axon which helps digitize the data for local and long-distance transmission [20].

Electrical operation of a neuron: The most basic charge transfer agents in all nerve membranes are

the metabolically driven pumps that actively expel sodium ions from the cytoplasm and simultaneously

import potassium ions from the extracellular fluid, as depicted in Fig. 1.3. Table. 1.3 shows the

concentration of ions inside and outside the cell membrane.

Figure 1.2: Conceptual view of a classical neuron [20]

Suppose the potential inside the cell rises above Vt. In that case, it results in a positive current

flowing outwards, whereas if the potential inside the cell drops below Vt, it causes a positive current

to flow inside the cell; hence Vt is called reversal potential.

inside

outside

K+

Na+

Figure 1.3: Cell membrane potential [20]

Ion Inside Outside Reversal Potential (mv)

Potassium (K+) 400 10 -92

Sodium (Na+) 50 460 55

Chlorine (Cl-) 40 540 -65

Table 1.3: Concentration of ions inside neural processes and in the extracellular fluid

8
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1.2 Neuron

1.2.1.1 Initiation of the action potential

When a small pulse of current is injected into the cytoplasm, the potential responds, as shown in

Fig.1.4, for currents that depolarize the membrane less than approximately 20 mv from its resting

state. The potential shows a slow response that saturates after a few milliseconds. If the current pulse

is terminated before the potential has reached approximately −40 mv, the membrane recovers, and

no pulse is generated.

Figure 1.4: Response of the axon to simulation by 2-milisecond current pulse of increasing magnitude

An output pulse is generated once the potential becomes more positive than −40 mv. However, a

pulse is generated even if the driving current is terminated. That potential is, therefore, a threshold

beyond which a self-reinforcing reaction is underway, and no recovery is possible.

1.2.1.2 The Hodgkin Huxley model

The Hodgkin–Huxley model, or conductance-based model, is a mathematical model that describes

how action potentials in neurons are initiated and propagated. It is a set of nonlinear differential

equations approximating the electrical characteristics of excitable cells, such as neurons and muscle

cells. The equivalent circuit for the above-said behaviour is shown in Fig. 1.5, which can be used to

visualize the operation of the membrane over a wide range of conditions. In Fig. 1.5, all the V ′s are

the reversal potential of the ion, and the G′s are the conductance of the membrane current I for any

given cytoplasm potential V . The membrane current can be calculated by Eq. 1.1.

I = (VK − V )GK + (VNa − V )GNa + (VCl − V )GCl (1.1)

9
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Figure 1.5: Equivalent circuit for cell membrane [20]

V0 = VKGK + VNaGNa/(GK +GNa) (1.2)

V0 is the resting potential of the cytoplasm because it is the potential at which the cell comes to rest

if left electrically undisturbed. The voltage V0 at which the current is zero, also called resting potential,

can be calculated using Eq. 1.2. In a typical neuron, Gk is approximately 20 times GNa. The electrical

activity in a patch of nerve membrane is achieved by making one or more ionic conductances dependent

on some control quantity. That quantity can be voltage, the chemical substance’s concentration, the

light’s intensity, and the degree of mechanical deflection.

1.2.2 Digital neuron

The functional behaviour of biological neurons is very complex. However, hardware computations

only replicate some key features [21]. This behaviour includes a basic integrate-and-fire functionality

in a neuron. I&F neurons are not biologically plausible but can still be used efficiently in spiking

neural networks.

Digital spiking neurons help in achieving high-precision computing with ease of implementation.

Instead of nonlinear differential equations, digital spiking neurons use cellular automation as basic

building blocks. In [22], the authors follow a component-based approach and realize neuronal ion

channel dynamics on FPGA. They use a parallel processing strategy to minimize delay and hardware

efficiency, and exponential and division functions in neuronal ion channel models are calculated using a
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hardware-efficient factoring approach. Some researchers employ Spinnaker as a platform to implement

a spiking neural network; its comprehensive description can be found in [21]. In [23], the authors

propose a digital ADExp neuron and use it to implement a very large-scale neuromorphic system,

which can realize around 10000 synapses per neuron and use complex neural models and realistic

network topologies.

A fully digital implementation of I&F neurons is shown in [24]. It consists of an 18-bit adder

and an 18-bit accumulator connected to the comparator circuit, generating spikes for I&F neurons.

Furthermore, leakage is added to the neuron model by using an inhibitory synapse. Authors in [25]

presented a novel digital spiking neuron (DSN) that generates periodic spikes depending on the initial

state of the neuron. A completely different methodology is used in [26] to design a hybrid spiking

neuron consisting of shift registers. Its behaviour is more like an analog spiking neuron model. The

authors in [27] encode a spike train by a digital code and propose a fast analysis method for the

dynamics of the inter-spike interval and characterization of the modulation. Note that a generalized

asynchronous digital spiking neuron model (GDN) elaborated in [28] is the most generalized version

of asynchronous sequential logic-based neurons.

1.2.3 Analog neuron

One of the first neuron circuits proposed by Carver Mead in 1989 [29, 30] is also called a self-

resetting neuron. An analog neuron with the functional characteristics of real nerve cells is proposed

in [31]. This neuron can emulate the ion current dynamics and the biological neuron’s discharge

functionality. Later, [32] proposed an improved version of this neuron. The improved version has

fewer circuitry and parameters than previous circuits, improving the spiking characteristics.

A circuit emulating the spiking behaviour of biological neurons is proposed in [33]. These neurons

have been further used in [34], [35], [36] to develop large-scale neuromorphic systems. An I&F neuron

with spike-based plasticity mechanism, adaptation, and spike-based learning mechanism is elaborated

in [37]. In [38], the authors depict a generalized leaky integrate and fire model. It produces spiking

and adaptive responses, depolarizing and hyperpolarizing after potentials. It also has the functionality

of adaptive frequency and threshold. Similarly, [39] illustrates an array of LIF neuron circuits that

are highly tunable and reconfigurable with accelerated dynamics. This neuron is implemented using a

65 nm CMOS process and is used to build the second-generation BrainScaleS neuromorphic hardware.

Using the basic I&F neuron architecture, the authors in [40] propose a motoneuron that exhibits

11

TH-3339_186102005



1. Introduction

the properties of a mammalian motoneuron. This model is suitable for use in large arrays to analyze

motor pools. [41] states an analog spiking neuron, where the current mirror configuration and the

CMOS inverter are used to implement the integration and threshold functionality. In [42], a modified

version of the Mihalas-Niebur neuron, a generalized version of the leaky I&F neuron, is implemented

using a switched capacitor. The authors in [43] utilize a capacitor-free integrator to achieve a smaller

physical area of a neuron. The feedback loop in the integrator is implemented using a low-power

Schmitt trigger, thus reducing power consumption. The weights of a neural network are stored em-

ploying a floating gate MOS transistor as non-volatile memory. Further, floating gate transistors are

utilized for accumulating input current [44]. Replacing the capacitor with a floating gate transistor

considerably reduces the circuit’s size and increases efficiency.

1.2.4 Hybrid neuron

The analog CMOS neurons need external biases to set their parameters originating from external

memory. Hybrid neurons are proposed consisting of CMOS and a memristive circuit, which does

not need any external bias for setting the parameters, thus easing the realization by storing neuron

parameters in the variable resistance state of a memristor [45]. In [46], a LIF neuron implementation

is proposed using three 1-transistor 1-resistor (1T-1R) structures.

A neuromorphic system incorporating a stochastic neuron is elaborated in [47]. Instead of inte-

grating the input current, this neuron uses a probability function that generates a spike depending

upon the weighted activity of the neurons present in the pre-layer. Further, a leaky integrate and fire

spiking (IFS) neuron is implemented in [48, 49] using silicon nano-wire technology. The IFS neuron

consists of four sections. The first section is for the integration of the input signals. The second section

controls the neuron’s threshold, and the third section realizes the leakage mechanism. Finally, the

fourth section produces output, maintaining the zero level at the output.

A carbon nanotube (CNT) based spiking neuron is depicted in [50]. It consists of a crossbar

architecture, where the gate terminals of transistors are connected to a row, and the source terminals

are tied to a column. [51] illustrates a hybrid neuron circuit with stochastic firing behaviour. They

explore the stochastic nature of the conductive bridge memory (CBRAM) to implement stochastic

firing. However, implementing a spiking neural network using these neurons is not shown.
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1.2.5 Digital Vs Analog neuron

A comprehensive study of analog and digital neurons is elaborated in [52], in which various per-

formance metrics of a large-scale neuromorphic system are compared with digital and RRAM-based

circuits. It can be observed in Fig. 1.6 that the total area and power consumption of the RRAM-based

neuromorphic system are 14× and 2× less than its digital realization at 10 nm technology node.

Figure 1.6: Area and power comparison of a million neuron learning system [53]

The power consumption of the analog implementation can be further reduced in two ways. One

approach is to minimize the RRAM read and write currents. Another one is to shorten the duration

of the programming pulse. It is estimated that a 10× reduction in the programming current of the

RRAM lessens the overall system power by 6 (denoted by scaled analog-1 in Fig. 1.6). Furthermore, a

10× decrease in the current programming duration reduces the overall power by 4 (denoted by scaled

analog-2 in Fig. 1.6) compared to the digital implementation of a neuron.

1.3 Synapse

Neuromorphic computing systems comprise synapse and neuron circuits arranged massively paral-

lel to support the emulation of large-scale spiking neural networks. In neuromorphic systems, the bulk

of the silicon is used by the synaptic circuits that integrate memory and computational primitives in

the same area. One possible approach to save area and maximize synaptic architecture’s density is

implementing the basic synapse circuits in the dense crossbar arrays. However, this approach lim-

its the role of the synapse to a basic multiplier. In biology, synapses are extremely sophisticated

structures with complex and powerful computational properties, including temporal dynamics, state

dependence, and stochastic learning behaviour. Details of the biological synapse and its equivalent
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electrical realization are given below. realization are given below.

1.3.1 Biological synapse

The synapse is responsible for adaption and learning within the neural network by modifying the

synaptic weight. A synapse can influence the firing of the post-synaptic neuron either as an individual

or the part of several synaptic inputs. A strong synapse can cause the post-synaptic neuron to fire

without additional synaptic inputs. In contrast, a weak synapse may not affect the firing of the post-

synaptic neuron. However, a synapse can change its strength, and a weak synapse can eventually

become strong, and vice versa. Hence, the synaptic weight can either increase (potentiation) or

decrease (depression). This modification can either be short-term, STP (short-term potentiation), STD

(short-term depression), long-term, LTP (long-term potentiation), or LTD (long-term depression).

There are two main types of synapses, namely electrical and chemical. The chemical synapses are

abundant within a biological neural network [54]. A chemical synapse passes information from the

pre-synaptic neuron cell to the post-synaptic neuron cell via the release of neurotransmitters into the

synaptic cleft. As depicted in Fig. 1.7, the synaptic vesicles are released from/contained within the

pre-synaptic axon by opening or closing voltage-gated calcium ion and Ca2+ channels. In the post-

synaptic neuron, neurotransmitter receptors interact with the released neurotransmitters to change

the potential of the post-synaptic cell [55].

Figure 1.7: Biological synapse [55]
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Hebb’s theory [56] describes the change in synaptic weight based on the inputs and outputs of each

neuron within the neural network. Hebb states, “When an axon of cell A is near enough to excite a

cell B, and repeatedly or persistently takes part in firing it, some growth process or metabolic change

takes place in one or both cells such that A′s efficiency as one of the cells firing B is increased.” When

the input from neuron A meets or exceeds the threshold of neuron B, the synaptic weight between

neurons A and B is increased. Conversely, if neuron A has little or no effect on neuron B, the synaptic

weight is reduced [56].

1.3.1.1 Dynamics of a synapse

A generic biological neural network is depicted in Fig. 1.8. It also shows the relationship between

the spike timing difference ∆t and the weight change ∆w. As shown in Fig. 1.8, the synapse is located

between Neuronpre and Neuronpost. The synapse provides variable connectivity. The weight of a

synapse determines the amount of excitatory post-synaptic current into the membrane of Neuronpost

when there is a spike on Neuronpre. The timing relationship between the pre-synaptic spike Tpre,

and the post-synaptic spike Tpost can modify the weight. This is called the Spike Time Dependent

Plasticity (STDP) learning rule [57].

Figure 1.8: Generic neural network connectivity between neurons through a synapse

If Tpre is ahead of Tpost, as depicted in Fig. 1.9 (a), the weight of the synapse increases, which is

called long-term potentiation. Long-term depression happens when Tpre lags Tpost, as seen in Fig. 1.9

(a). A biologically plausible STDP mechanism is shown in Fig. 1.9 (b). The closer the timing between

Tpre and Tpost is, the larger the weight change. According to the neurophysiological measurements,

the relationship between the weight change and the spike timing difference can be approximated to

have an exponential dependency [58], as illustrated in Fig. 1.9 (b).
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(a) (b)

Figure 1.9: (a) Timing diagram for potentiation and depression (b) Curve for spike time dependent plasticity

1.3.2 CMOS synaptic circuits

The synapse models can be divided into two categories, the biologically-plausible implementations

that include synapses for spike-based systems and the synapse implementation for traditional artificial

neural networks.

Biologically plausible CMOS neuron and synapse circuits are presented in [59] and [60]. The

synapse proposed in [60] can update its binary weight based on the STDP learning mechanism, and

the neuron proposed in [59] operates in a leaky integrate-and-fire manner. Although these circuits very

well emulate the behaviour of a biological synapse and neuron, as many as 34 and 22 transistors are

used in their designs, respectively, requiring high energy consumption and area utilization. Further,

it needs an analog amplifier for maintaining the binary states of the weight in the synapse, increasing

energy consumption.

Another CMOS synapse and neuron circuits are designed using transconductance amplifiers [61].

However, the transconductance amplifiers that produce analog properties consume more area and

energy. A cross-coupled inverter-based synapse storing the synaptic weight as a binarized value to

implement long-term plasticity is presented in [62]. A CMOS symmetric/asymmetric synapse proposed

in [63] consists of weight potentiation and depression circuits. These artificial synapses update the

weight according to the STDP rule. Although they efficiently emulate the symmetric and asymmetric

STDP mechanisms using decay pulses and switches, many transistors are required to implement the
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circuits, resulting in higher power consumption.

A pair of simple CMOS synapse circuits, biomimetic and simplified versions composed of up to eight

transistors and two capacitors, is illustrated in [64]. Although they are better than the previous designs,

the refractory behaviour [59], an essential feature of a biological neuron, is not supported. Moreover,

the membrane node having a heavy capacitive load should provide a full swing each time it is firing,

resulting in a lower firing rate and increased switching energy consumption. Also, regular switching

of the pull-up and pull-down transistors during the reset operation results in power consuming short

circuit current. Variability due to these circuits’ process, voltage, and temperature (PVT) variations

is another concern in CMOS synaptic circuits.

1.3.3 Non-volatile memories as synapse

Since the synapses are typically the most abundant element in neuromorphic systems, they consume

most of the chip area. Therefore, the focus is to optimize the synapse hardware realization. Thus, the

challenge is to design neuromorphic circuits that emulate the computational properties of a synapse

having optimal area utilization and power consumption.

There have been attempts to implement ANNs by fabricating a large number of synaptic element

arrays and neurons based on digital and analog circuits. However, due to many technological lim-

itations, such as device area, power consumption, and operating speed, conventional CMOS-based

synapse devices cannot meet the requirements of artificial intelligence applications. As an alterna-

tive, the emerging non-volatile memories have been actively studied and developed. Non-volatile

memory devices have recently emerged, providing a promising technology for addressing these prob-

lems. These devices offer a compact and efficient solution to model synaptic weights since they are

non-volatile, have a nano-scale footprint, can be integrated with complementary metal-oxide semicon-

ductor (CMOS) chips, might require little energy to change their state, and in addition, can emulate

many synaptic functions observed in biological synapses.

These devices can store multi-bit information in a non-volatile manner. They can also consume

very less energy in pJ regime, which enables significant improvements in integration and low-power

operation compared to conventional CMOS-based synapse devices. Fig. 1.10 depicts an I&F neuron

generating output pulse. The non-volatile memories are placed between the input and the output

neurons, which forms a synaptic array crossbar. Each memory cell in the array can be trained by

learning rules, such as Spike Time Dependent Plasticity (STDP). In the next section, a brief discussion
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on non-volatile memories is presented.

Figure 1.10: Non-volatile memories as synapse

1.4 Emerging non-volatile memories

Semiconductor memory technologies play an essential role in today’s high-performance computing

systems. Semiconductor solid-state memories can be found in all electronic systems, such as computers,

portable electronics, automotive applications, and data centers. With an increasing demand for high-

performance, large-capacity, and low-cost AI-enabled portable devices, non-volatile semiconductor

memories (NVM), such as flash memory [65], are being used to realize of neuromorphic systems. The

NAND flash [66], due to its lowest cost per bit, is preferred compared to other commercial NVMs,

NOR flash [67] and EEPROM [68].

Due to the technological advancements in fabrication processes and aggressive scaling down of the

memory cell size, the NAND flash memories provide low cost per bit. However, this would eventually

end, as the planar flash memory is expected to face physical limitations. The fabrication of planar

NAND flash memory in a 10 nm technology node requires a complicated patterning process [69],

resulting in an excessive increase in the cost per bit and making these memories unproductive. On

the other hand, the reliability, such as data retention and program endurance, and the cell-to-cell

uniformity become worse due to the less charge storage in these devices.

Therefore, a non-planar 3D vertical structure is proposed for NAND flash [67]. In this 3D config-

uration, NAND cells are formed in the vertical direction, reducing the cost per bit. Based on the 3D

design, NAND flash scaling is expected to be implemented on lower technology nodes [70]. However,

it is also anticipated to impose issues similar to the planar NAND, facing the physical limitation of

charge-based memory devices and an exorbitant increase in manufacturing costs.

18

TH-3339_186102005



1.4 Emerging non-volatile memories

Figure 1.11: Classification of semiconductor memories

Motivated by finding a successor to existing memories, many new technologies have been ex-

plored in recent years to keep pace with the increasing demand for high-density, low-cost, and high-

performance memory applications. Novel memories, such as Phase Change Random Access Memory

(PCRAM), Spin-Transfer Torque Magnetic Random Access Memory (STT-MRAM) [71], Ferroelectric

Random Access Memory (FeRAM) [72], Resistive Random Access Memory (RRAM) [72] are being

investigated intensively.

The emerging memories are also called storage class memory (SCM). The SCM can be further

classified as main memory SCM (M-SCM) and storage type SCM (S-SCM). The classification of

semiconductor memories is shown in Fig. 1.11. A comparison between the current and emerging

memory technologies is exhibited in Table. 1.4. All these emerging technologies demonstrate non-

volatile memory behaviour and promising characteristics, such as fast program speed, low read and

write energy consumption, and excellent reliability in terms of endurance and retention. Among all

these memories, STT-MRAM seems to be a good candidate for the M-SCM due to its fast access speed

(10 ns), endurance of (1016), limited area consumption (10F 2), and low power operation (pJ), which
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Table 1.4: Comparison between the current and emerging memory technologies

parameters
Volatile Emerging non-volatile memories

NAND NOR FeRAM PCRAM STT-MRAM RRAM

Configuration 1T 1T 1T1C 1S1R 1T1R 1S1R

Cell Area (F 2) 5 5 22 4 10 4

Programming
106/105 106/107 10/10 20/50 < 10/10 > 10/10

Time (ns)

On/Off ratio - - - > 10 ˜2 > 10

Endurance > 105 > 105 > 1014 > 108 > 3× 106 > 1010

Retention(years) > 10 > 10 > 10 > 10 > 10 > 10

Energy/bit 10− 100 pJ 10− 100 pJ 10 pJ 10 pJ ∼ pJ ∼ pJ

Application Storage Storage Storage Storage Main Memory Storage

satisfy the most stringent requirements for the high-performance memory applications. Moreover,

due to its non-volatile behaviour, STT-MRAM does not require a periodic refresh process, which is

mandatory for DRAM. However, RRAM seems to be the most promising candidate for the S-SCM

applications due to the following reasons:

� Simple structure: RRAM has a very simple two-terminal Metal-Insulator-Metal (MIM) struc-

ture, which allows high geometrical scalability.

� Good Manufacturability: RRAM uses fully CMOS-compatible materials, which can be fabri-

cated using fab-friendly processes. On the contrary, FeRAM, STT-MRAM, and PCRAM require

dedicated processes using ferroelectric, chalcogenide, or magnetic materials.

� Excellent scalability: Resistive memory functional devices have demonstrated 10 × 10 nm2

size [72], exceeding the physical limitations of the flash memory. Furthermore, it has better

scaling potential compared to STT-MRAM and FeRAM. The latter two memory technologies

require a complex material system for fabricating functional devices.

� Low cost per bit: Implementing RRAM in dense cross-point arrays can achieve the smallest

cell footprint, i.e., 4F 2, with F being the feature size [73].

� Multi-level cell: Resistive memory can provide a large on/off resistance ratio, enabling multi-

level cell operation and reducing the cost per bit. On the contrary, a typical on/off resistance

window for STT-MRAM is less than 2, which makes multi-level cells nearly impossible.
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� Fast write speed: SET and RESET operations of resistive memory cells take less time (>

10 ns) than flash memories (> µs).

1.4.1 Resistive Random Access Memory (RRAM)

Resistive Random Access Memory (RRAM) is the resistive switching memory technology class

with metal-insulator-metal (MIM) structures. The concept of resistive switching is familiar to most

emerging non-volatile memory technologies. For instance, the magnetic field is involved in the resis-

tance change of STT-MRAM. For PCRAM, a thermal process controls the chalcogenide material’s

phase transitions between crystalline and amorphous. According to the defect type involved in the

switching, resistive memory cells can be categorized into the oxygen vacancy-based RRAM and the

metal ions-based conductive bridge memory (CBRAM). Furthermore, filamentary and non-filamentary

switching is possible based on different ways of modulating conduction by oxygen vacancies, as shown

in Fig. 1.12.

Figure 1.12: Classification of Resistive Random Access Memories [67]

Filamentary resistive switching behaviour is found among various transition metal oxides (TMO).

Some examples are shown in Table. 1.5. In addition to oxide materials, metal electrodes also play

an important role in the switching mode of RRAM. For instance, [74] reported ZrO2− based RRAM

with different electrodes (Pt and Ti). Even with the same oxide material, the switching mode can be

different. In most cases, bipolar switching can be achieved by using oxidizable electrodes, such as Ti,

Hf , TiN , while unipolar switching is obtained using inert electrodes (Pt) for both sides. In some cases,

both unipolar and bipolar switching can be achieved using the same material, TiN/HfO2/Pt [75],

depending on the polarity of the voltages that are applied to the device.

The RRAM devices can also be classified into two categories according to the switching modes:

unipolar and bipolar switching RRAM. For unipolar switching devices, resistive switching depends only

on the amplitude of the applied voltage, regardless of the polarity of the applied voltage (SET/RESET
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Table 1.5: Switching modes for various metal-oxide based RRAM [67].

Unipolar switching Bipolar switching

Pt/NiO/Pt P t/NiO/SiRuO3

Pt/T iO2/Pt P t/T iO2/T iN

Pt/ZrO/Pt T iN/ZrO/Pt

P t/ZrO2/Pt T i/ZrO2/Pt

T iN/HfO2/Pt T iN/HfO2/Pt

P t/Al2O3/Pt T i/Al2O3/Pt

can be done on the same polarity). If a unipolar RRAM shows SET/RESET switching for both

polarities, it is called a nonpolar RRAM [76]. On the contrary, for a bipolar RRAM, SET/RESET

strongly depends on the polarity of the applied voltage. If the SET occurs on one polarity, the RESET

gets triggered on the opposite polarity.

Although both unipolar and bipolar RRAM has received significant attention over the years,

research has recently focused on the bipolar switching mode RRAM for the following reasons. First,

the bipolar switching devices depending on the oxygen drift/migration, require less switching power

compared to the unipolar devices. Unipolar switching needs thermally activated diffusion of the oxygen

ions, which causes a high RESET current. Second, oxygen ions migration-based bipolar RRAMs always

show better endurance than unipolar RRAMs. However, the advantage of unipolar switching RRAM

is that it can work with a simpler unidirectional selector, such as a PN diode [67].

1.5 RRAM based synaptic architectures

RRAM has been widely explored for implementing synaptic architectures. Implementing binary

synapse is feasible as the gap between its resistive states is large, making binary RRAMs inher-

ently variation tolerant. However, binary synapses have very low density [77]. To increase the den-

sity, keeping RRAM variation tolerant, [78] proposes a multi-memristive synaptic architecture with

a counter-based arbitration scheme. However, employing multiple memristors in the realization of

synapses reduces the advantages of RRAM because it increases the overall area utilization of a sin-

gle bit. Multi-level RRAMs have been extensively explored to obtain multi-bit precision in a single

cell [79–82]. Although multi-level cells provide considerable advantages in terms of area and power,

designing circuits to program the RRAM’s resistive states accurately is a significant challenge.

The multi-level cells are programmed by varying the voltage or compliance current during SET
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or RESET. In [83] and [84], pulses with varying magnitudes and widths are employed to program

an RRAM, whereas [85] uses pulse width modulation. In the methods reported in [83] and [84], the

RRAM resistance is read multiple times to verify whether it is updated correctly. If the RRAM is not

appropriately programmed and the desired resistance is not obtained, then RRAM is reprogrammed

until an appropriate resistive state is reached. These techniques give reliable results but increase

latency due to multiple read and write cycles. Moreover, considering the variability of the synaptic

devices, large neuromorphic systems become more complicated and less flexible [86].

Most state-of-the-art synaptic architectures do not have any programmability provision, limiting

the architecture’s applicability to a single application. This makes the synaptic arrays more prone

to errors due to the variation and restricts the usage of the hardware to the training use cases. This

also limits the existing architectures to inference since there is no mechanism to program the RRAM

cells [87]- [88]. Off-chip training requires transmitting massive data and model parameters between

the cloud and the edge devices, which is hard to deploy in complex environments while protecting

the privacy of IoT applications. However, on-chip training eliminates the need for high-speed data

transmission and security issues. Using RRAM for on-chip training involves challenges, such as higher

weight precision and precise RRAM programmability [89]- [90]. Therefore, we design an RRAM-based

synaptic architecture with continuous sensing and a feedback mechanism to address these issues. The

proposed mechanism enables multi-level RRAM to be reliably programmed in a single write cycle.

The 4T − 1R structure incorporated in the architecture enables reprogramming the array multiple

times, making it applicable for multiple applications.

1.6 Artificial Neural Networks

Artificial neural networks (ANNs) are mathematical or computational models that are inspired by

the structure and operation of biological neural networks. ANNs consist of processing elements called

activation functions or neurons, interconnected to generate a neural network. The interconnections

are represented by the weight that indicates the strength of the connection between the two activation

functions. Typically ANNs are used to analyze a highly complex problem or if no algorithm exists

to solve a specified problem. Pattern recognition, image processing, control, and robotic systems are

some examples of hardware and software applications of ANNs.

While software implementation of ANNs is comparatively easier, more computational resources are
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required to simulate large complex networks. Additionally, current Von Neumann architecture-based

computers consume a lot of power to realize these neural networks. Therefore, creating a complex,

parallel, and energy-efficient system using software is difficult. Hardware ANNs are more biologically

plausible and can provide better flexibility and potential in terms of parallelism and speed. Fig. 1.13

presents an example of an activation function that can be trained to find an optimal solution and solve

a specified problem. This is done by a learning rule which modifies the weighted connections between

each neuron in a larger neural network.

Figure 1.13: Artificial Neural Network

The first generation of ANN consisted of McCulloch-Pitts neurons. McCulloch-Pitts view neurons

as computational units which use a threshold activation function. McCulloch-Pitts neurons produce

output as 1 when the weighted sum of its inputs is above the threshold. If the weighted sum is below

the threshold, an output of 0 is produced. Within the network, information is encoded by the presence

or absence of action potentials. Even though McCulloch-Pitts neurons produce a digital output, they

have been successfully applied in multilayer perceptron networks.

In the second generation of ANN, the threshold activation functions are replaced with continuous

activation functions. The continuous activation functions, such as sigmoid or hyperbolic tangent

functions, allow analog inputs and output. It also allows rules, such as gradient-descent algorithms

for learning, which can train and change the weights connected between the neurons.

Fig. 1.14 shows a fully connected feed-forward neural network that can be implemented using

second-generation artificial neurons. In this network, information is only passed forward from input

to output. No feedback of information from output to input or hidden layers occurs. In more complex
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Figure 1.14: Fully connected neural network

networks, feedback paths are included as they offer greater stability and are more like biological

networks. Recurrent networks and networks which require digital outputs can also be implemented

using the second generation of ANN.

1.7 Spiking Neural Network

The first and second generations of ANNs emulate the main features of biological neural networks,

such as plasticity, summation, and thresholding. However, they do not emulate all features of a

biological neural network. Experimental results indicate that rate coding accurately describes activity

in the brain. Rate coding implies that an averaging mechanism is used. However, a biological neuron

operates by a “spike or no spike” mechanism with a fixed firing rate, described as an intermediate

spiking frequency. While the second generation can implement this intermediate spiking frequency,

it still lacks important biological features. Recent research suggests that the timing of individual

action potentials, spikes, are used to code brain information. Researchers also believe the human

brain’s computational power is in its ability to process large numbers of these spikes in parallel. Thus,

spike-based coding schemes are considered to be more efficient than rate-based coding.

The third generation of artificial neural networks, spiking neural networks (SNNs), are more bio-

logically plausible. SNNs are designed such that the scale and connectivity observed in the brain are

emulated in hardware. To obtain better efficiency, the hardware implementation of the SNN must

occupy a minimum circuit area and have low power consumption. Information is computed and com-

municated through spatial and temporal summation of individual spikes, similar to biological neurons.
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As depicted in Fig. 1.15, the input is encoded as spikes, and the output is also obtained as spikes.

Figure 1.15: Spiking Neural Network

The SNNs use pulse coding instead of rate coding. This allows information to be encoded in the

form of frequency and magnitude. SNNs do not fire at the end of each propagation cycle. Instead, they

only fire when the weighted sum of their inputs causes the neuron’s membrane potential to exceed its

threshold value. Therefore, spiking neural networks have more computational power over equivalent

networks of static neurons.

Although SNNs are theoretically more potent than second-generation networks; however, SNN

training issues and hardware requirements limit their use. SNN implementation on Von Neumann ar-

chitectures has proved to be very inefficient compared to second-generation neural networks. However,

the advent of neuromorphic processors has proven that SNNs can be more efficient on neuromorphic

hardware. Further, the advent of novel devices such as RRAM in the last decade has paved the way

to further reduce neuromorphic hardware’s power consumption and area utilization.

A hardware implementation of an adaptive STDP learning rule stated in [91] reports an accuracy

of 94%. However, the implementation details of neurons are not discussed. A hybrid RRAM synapse

with a network accuracy of 97% is reported in [92]. However, a separate synapse for the dynamic

and fine-tuning phases to program the RRAM synapse accurately. This doubles the area utilization.

Other works, [93], [94], [95], [96], have shown excellent realizations of synaptic architectures in different

configurations and have implemented SNN with accuracies of 76%, 87%, 86%, and 87%, respectively.

However, these architectures can be employed for designing large-scale neuromorphic systems only if
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the neurons are implemented in hardware. Employing RRAM-based synapses and digital neurons in

large neuromorphic systems diminishes all the advantages. [97] realizes an RRAM-based stochastic

neuron and RRAM-based synapse, and a spiking neural network, but details of the synapse, i.e., the

number of bits of the RRAM array, the impact of RRAM variations, random telegraph noise (RTN),

and sneak current paths effects, are not discussed in it.

From the above discussion, it can be concluded that there is a huge research gap in the hardware

implementation of SNNs. Most of the state-of-the-art works focus on the parts of an SNN. Therefore

in this thesis, we bridge the gap in the current state-of-the-art works by implementing complete

hardware for SNN and proving the efficacy of the proposed neuron and synapse to realize large-scale

neuromorphic systems.

1.8 Motivations and Contributions of the Thesis

Based on the problems defined in the previous sections, the proposed work’s motivation and the

thesis’s contributions are presented in this section.

� As we know, efficient hardware must be developed to meet the ever-increasing demands of AI

applications. Knowing the limitations of the current CPUs that are based on Von Neumann

architectures, the functionalities of the human brain inspired us to develop more brain-like

architectures where the memory and computing are not separate but work in synchronization.

� The contemporary neuron circuits fail to meet the low power requirements of large-scale neu-

romorphic systems. Moreover, the analog neuron circuits employ capacitors to implement the

integration operation in an I&F neuron, utilizing a large area. Certain features of novel devices,

such as an abrupt SET in RRAM, can be explored to obtain the integration operation, thus,

saving the area on the silicon.

� Since neurons form the basic components of neuromorphic systems and due to the limitations

of the CMOS technology in achieving the low power requirements, we propose an RRAM-based

I&F neuron. The proposed I&F neuron circuit consists of two RRAMs for integrate-and-fire

operations, whereas the pulse propagation and reset circuit consists of 22 CMOS transistors. It

consumes 1.5fJ per spike, 48% and 53% less than the contemporary neurons designed using

nanoscale FBFET and PDSOI-MOSFET.
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� Apart from neurons, synapses are also found in abundance in neuromorphic systems. Therefore,

it is necessary to develop an optimized synaptic array. The state-of-the-art synaptic architectures

have many limitations, such as they do not have programmability that limits the applicability

of the synapse in many applications. Moreover, programming the RRAM array at a specific

conductance level is challenging. Therefore, we present 4 − bit/cell synaptic array that allows

programmability and a continuous feedback mechanism that helps in programming the RRAM

cells to achieve a precise conductance level.

� RRAM-based systems are prone to cycle-to-cycle, device-to-device variations, and random tele-

graph noise (RTN). We propose a variation-tolerant neuron and a synaptic array in this thesis.

It is found that the neuron spikes appropriately in the presence of variations and RTN. The

proposed continuous feedback mechanism to synaptic cell programming helps achieve variation

tolerance.

� The state-of-the-art hardware implementations have many limitations, such as the spiking neural

networks (SNN) do not specify the details of the neurons used to implement SNN. Even if the

neuron details are provided, the programming mechanism is not discussed, raising ambiguity

about the RRAM cells programming for different weights. Also, it is crucial to evaluate the

applicability of the proposed neuron and synaptic architecture for large neuromorphic systems.

Therefore, we implemented an SNN using the proposed RRAM-based I&F neuron and the

programmable synapse and validated it with the MNIST dataset.

1.9 Organization of the Thesis

This thesis work is organized into six chapters to address the issues mentioned in the previous

section. The content of each chapter is summarized as follows:

� Chapter 2: In this chapter, we study various RRAM models available for circuit simulation and

analyze the Peking Verilog-A and Unimore Verilog-A models. We plot the I − V characteristics

of the RRAM and perform parametric analysis to study the effects of various parameters on the

I − V characteristics of the device. We analyze both models for cycle-to-cycle and device-to-

device variations and random telegraph noise (RTN), which is essential to verify the performance

of the circuits in the presence of variations. Based on the performance of both models, we choose

28

TH-3339_186102005



1.9 Organization of the Thesis

the Unimore model for implementing the I&F neuron and synapse in this thesis.

� Chapter 3: In this chapter, we present the proposed scalable energy-efficient RRAM-based

I&F neuron. We match the functionality of the proposed neuron with a digital I&F neuron.

We incorporate the RRAM reset functionality in the neuron circuit, making it more compact.

The performance of the proposed neuron at various process corners is also studied in this chapter.

We further evaluate the performance of the proposed neuron in the presence of noise and RRAM

variation.

� Chapter 4: In this chapter, we discuss a variation tolerant RRAM-based 4− bit/cell synaptic

architecture. A programming mechanism is proposed that helps precisely program the RRAM

cells in the presence of cycle-to-cycle and device-to-device variations inherent to RRAM devices.

We perform Monte Carlo analysis to verify the effects of variations on the synaptic array. The

proposed synaptic array’s area, power, and latency estimation are discussed in detail in this

chapter.

� Chapter 5: This chapter presents a spiking neural network using the RRAM-based I&F neuron

and the programmable synapse. A quantization method to map the learned weights to the

4 − bit/cell synapse is discussed in this chapter. We also elaborate on the input encoding

method and training methodology for SNN implementation. Finally, we compare the proposed

SNN with contemporary works incorporating non-volatile memories to implement the synapse.

� Chapter 6: In this chapter, we conclude the thesis and narrate the future perspective of the

proposed RRAM-based I&F neuron and reprogrammable synaptic architecture. The proposed

neuron and synapse exhibit low power and resource requirements and are suitable for developing

large-scale neuromorphic systems.
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2. Resistive Random Access Memory

2.1 Introduction

Resistive Random Access Memory (RRAM) is one of the fastest emerging memory technologies

that can play a significant role in replacing conventional semiconductor memories, such as Dynamic

Random Access Memory (DRAM), Static Random Access Memory (SRAM), and Embedded Dynamic

Random Access Memory (EDRAM). The nonvolatile characteristics of the memory-based RRAM cells

make them more attractive for nonvolatile random access memory design. Existing research on RRAM

technology focuses mainly on integrating CMOS and non-CMOS devices and circuits.

RRAMs are two terminal devices that can retain their internal resistance states depending on

the history of applied voltages or currents. RRAMs usually have a simple metal/insulator/metal

structure. They have attracted special and intensive interest because of their promising properties,

such as scalability, CMOS compatibility, low power consumption, and analog conductance modulation.

They have recently shown outstanding characteristics like high-speed, high-density, and low-energy

operation. Therefore, they are considered among the most promising memories for unconventional

computing technologies.

Since these devices are still in the research and development phase, the models for circuit simulation

have yet to be readily available. However, a simple and accurate model is crucial for rapid design and

verification when using RRAM devices for circuit and system design. Many different models have been

proposed earlier with various properties and have their limitations. Recently a few Verilog-A models

have been developed that can be very efficiently employed to implement RRAM circuits. Therefore,

it becomes essential to analyze these models for various characteristics, such as type of model, type of

switching, genericity, complexity, compatibility with actual physical switching mechanisms, linearity,

symmetry, voltage or current control, hard set or soft reset, the existence of a threshold, voltage level,

timing dependence, temperature dependence, and variability. The appropriate model selection gives

insight into the behaviour of RRAM and the efficient use of its properties.

In this chapter, we present various RRAM models available for circuit simulation, perform de-

tailed simulations, and analyze the Peking Verilog-A and Unimore Verilog-A models. Based on the

performance of both models, we justify using the Unimore model to implement the I&F neuron and

synapse in this thesis. We plot the I − V characteristics of the RRAM by varying a single parameter

and keeping other parameters constant. We analyze both the models for cycle-to-cycle and device-to-

device variations, and random telegraph noise (RTN), which are essential to verify the performance
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of the circuits in the presence of variation.

2.2 RRAM circuit simulation models

Several RRAM models can be used for designing and simulating RRAM-based circuits. Some of

the most commonly used models are described below.

(i) Stanford Model: The Stanford model is one of the earliest models proposed for RRAM devices.

It is a simple model that describes the resistive switching behaviour of the RRAM cell using

a single equation. The model assumes that the resistance of the cell depends on the number

of oxygen vacancies in the resistive material. This SPICE-compatible model characterizes the

metal-oxide RRAM bipolar switching behaviour [98].

(ii) TEAM Model: The threshold adaptive memristor model [99] is a simplified Simmons tunnel

barrier model. This model depends on the same physics principles as the Simmons tunnel barrier

model but uses simple polynomial equations instead of exponentials to relate the current to the

physical device parameters. This model is simple, general, and computationally efficient.

(iii) SPICE Model: The SPICE model proposed in [100] can be used to simulate the behaviour of

RRAM devices using SPICE simulation tools. This model assumes a memristance controlled by

a voltage source. The memristive system considered in this model is a subcircuit, including a

resistor, a current source, and a capacitor. The SPICE model includes subcircuits for the memory

cell, programming circuit, and read circuit, which can be utilized to simulate the electrical

behaviour of the RRAM device under different operating conditions.

(iv) CBRAM Model: The conducting bridge random access memory (CBRAM) model uses metal-

lic filaments to store the data [101]. The CBRAM model includes several equations that describe

the formation and dissolution of metallic filaments in the resistive material of the cell. It also

describes the effects of voltage and current on the resistive switching behaviour. It is a physics-

based compact device model that characterizes the dependence of ion migration velocity on

the electric field. It also incorporates the metallic filament’s vertical and lateral growth and

dissolution dynamics.

(v) IM2NP RRAM Model: The IM2NP model is a compact model that describes the SET and

RESET operations in bipolar resistive switching in Oxide-based memory devices [102]. The
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model also considers the conductive filament (CF) electric field-induced creation and dissolu-

tion by including an electrochemical reaction and thermal mechanism equation. The model is

calibrated on dynamic and quasi-static experimental data.

(vi) Peking Verilog-A model: The Peking Verilog-A model is physics-based. It models the for-

mation and rupture of the conductive filament in horizontal and vertical directions. It models

the generation of the oxygen-vacancies in the oxide layer. This model includes cycle-to-cyle and

device-to-device variations.

(vii) Unimore Verilog-A model: The Unimore Verilog-A model is a physics-based model. It

includes DC and pulsed characteristics. It models the current due to the formation of a con-

ductive filament in the vertical direction. The model includes cycle-to-cyle and device-to-device

variations. This is the only model that includes random telegraph noise in the DC operating

mode.

Overall, these models provide a range of options for accurately modeling and simulating the be-

haviour of RRAM devices under different operating conditions, enabling more efficient and effective

design. Table. 2.1 compares all the models based on the factors described below.

� Type of the model: It exhibits model type to be compact, analytical, or physics-based.

� Type of switching (unipolar or bipolar): It showcases the change in the state due to the

application of only a positive voltage, or positive and negative voltage for switching states.

� Efficient use in RRAM arrays: It illustrates whether the model can be used for implementing

large RRAM arrays.

� Complexity: A model is considered complex if the equations use hyperbolic sine and exponents

rather than polynomials. This can be determined from the model equations.

� Symmetry: This points the symmetry in the SET/RESET processes. This feature appears in

the simulated I − V characteristic of the model.

� Non-linearity: The non-linearity in the RRAM devices is due to the nonlinear ion drift of

the ionic defects accelerated by the conductive filament heating. If it is included in the model

equations, it reflects in the I − V characteristics.
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Table 2.1: Comparison of various models

Model Stanford TEAM CBRAM SPICE IM2NP Peking Unimore

Type of Model
Physics Physics Physics

Analytical
Physics Physics Physics

based based based based based based

Efficient use
✓ ✗ ✗ ✗ ✓ ✓ ✓

in RRAM arrays

Bipolar switching ✓ ✓ ✓ ✓ ✓ ✓ ✓

Low complexity ✗ ✓ ✗ ✓ ✓ ✓ ✓

Non linearity ✓ ✓ ✗ ✓ ✓ ✗ ✓

Symmetric ✗ ✗ ✗ ✓ ✗ ✓ ✓

Voltage
✓ ✗ ✓ ✓ ✓ ✓ ✓

controlled

Hard SET ✓ ✓ ✓ ✓ ✓ ✓ ✓

Soft RESET ✗ ✓ ✓ ✓ ✓ ✓ ✓

Electroforming ✗ ✗ ✗ ✗ ✓ ✗ ✓

Temperature
✓ ✗ ✓ ✗ ✓ ✓ ✓

dependence

Variability ✓ ✗ ✓ ✗ ✓ ✓ ✓

Random Telegraph
✗ ✗ ✗ ✗ ✗ ✗ ✓

Noise

� Hard SET/Soft RESET: It is the ratio between the RESET and SET times. A high ratio

means a hard SET and a soft RESET. This can be observed from the I − V characteristics.

Mostly, the SET is abrupt, and the RESET is gradual, resulting in hard SET and soft RESET.

� Temperature dependence: It indicates whether the model incorporates the temperature

effects.

� Variability: It states model’s cycle-to-cycle and device-to-device variability.

� Random Telegraph Noise (RTN): RTN is an important source of variability in RRAM

devices. The Unimore model is the only one that includes RTN in the device model.

2.3 Peking RRAM Verilog-A model

2.3.1 Device structure

The Peking RRAM Verilog-A model is a physical-based analytic model of metal oxide-based

RRAM. This model assumes a conductive filament (CF) evolution process described by the change in

CF during SET/RESET at various inputs [103], [104]. Fig. 2.1 illustrates the structure of the modeled

35

TH-3339_186102005



2. Resistive Random Access Memory

RRAM. w is the width of conducting filament (CF), and x is the length of the gap region between

the top electrode and CF. The length of the gap is initialized to x0 before the start of the SET or

RESET process. It can be observed that x reduces due to CF formation and expands in the horizontal

direction indicated by width w. Thus, RRAM is SET when CF touches the top electrode, forming

a low resistance path between the electrodes. The CF ruptures when a negative voltage is applied

between the electrodes, illustrated by the downwards arrow in Fig. 2.1.

(a)

Figure 2.1: Schematic of conductive filament evolution [104]

2.3.2 Transport mechanism

The switching characteristics are strongly connected with the geometry of CF that is created

because of the generation and recombination of the oxygen vacancies (Vo) in the oxide layer [103], [104].

The physical process of RRAM device operation is shown in Fig. 2.2 [104]. In the SET process, the

generation of Vo and the drift of oxygen ions (O2−) to the top electrode forms CF, which connects

both the top and bottom electrodes. It results in RRAM switching to the low resistance state (LRS)

from the high resistance state (HRS). In the RESET process, the recombination between O2− and Vo

ruptures CF, and RRAM is switched to the high resistance state (HRS).

2.3.3 Model equations

Eq. 2.1 describes the generation probability of oxygen ions. The probability of O2− ions hopping

from the electrode to the dielectric layer and the probability of O2− ions hopping within the dielectric

layer are defined by Eq. 2.2 and Eq. 2.3. Whereas Eq. 2.4 defines the probability of recombination of
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(a)

Figure 2.2: Physical process of resistive switching used in the model [104]

O2− and Vo. The transmission probability of the electrons between two Vo is calculated using Eq. 2.5.

Finally, the conductivity of the conductive filament can be calculated by Eq. 2.6. The variables used

in these equations are specified in Table- 2.2 [105].

Pg(E, T, dt) = fdtexp

(
−Ea−αaZeE

kBT

)
(2.1)

Pm(V, T, dt) = fdtexp

(
−Ei−γZeV

kBT

)
(2.2)

Ph(E, T, dt) = fdtexp

(
−Eh−αhZeE

kBT

)
(2.3)

Pr(T, dt) = fdtexp

(
−∆Eh

kBT

)
(2.4)

Wm→n = fphexp(−2αRmn − Emn/kBT ) (2.5)

σ = σ0exp

(
EAC

kBT

)
(2.6)

Eq. 2.7-Eq. 2.9 describes the electrical behaviour of the device. Eq. 2.7 depicts the current due

to free oxygen ions, whereas Eq. 2.8 and Eq. 2.9 states the current due to e− hopping into oxygen
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vacancies during SET and RESET operations. The total current through the RRAM is modeled by

Eq. 2.10. The dies of the geometry are described using Eq. 2.11, which describes the growth of the

conductive filament in the horizontal direction, and Eq. 2.12 describes the growth of the conductive

filament in the vertical direction.

I1 = I0π

(
WCF 2

4
− w2

4

)
exp

(
−L0

Xt

)
sinh

(
Vtb

Vt

)
(2.7)

I2 = I0π
w2

4
exp

(
−x
Xt

)
sinh

(
Vg

Vt

)
(2.8)

I2 =
Vtb
ρL0

πw2/4

(2.9)

Itb = I1 + I2 (2.10)

dx = −afexp
(
−Ea − VgαZ/x

kBTemp

)
(2.11)

dw = weff + pow(Weff, 2))fexp

(
−Ea − VtbαZ/L0

kBTemp

)
(2.12)

2.3.4 Simulation results

Figure 2.3: RRAM I − V characteristics
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Table 2.2: Simulation parameters for Peking RRAM Verilog-A model

Parameters Description Value

I0 Hopping current density 1× 103 A/m2

ρ Resistivity of the CF 19.635 µΩm

a Distance between oxygen vacancies (Vo) 0.25 nm

f Vibration frequency of Vo 1013 Hz

Ea Average active energy of Vo 0.7 eV

Eh Hopping barrier of oxygen ion O2− 1.12 eV

Ei Electrode/oxide interface 0.82 eV

αa&αh Energy enhancement factor 0.75 nm

γ Voltage enhancement factor 1.5

Z Charge number 2

Rth Effective thermal resistance 5× 105K/W

RH Oxide parasitic resistance 2× 109Ω

RL Electrode contact resistance 20 Ω

Cp Electrode parasitic capacitance 1 fF

L0 Initial switching layer length 5 nm

x0 Initial gap length L0, 0

WCF Switching layer width 5 nm

Weff Effective width 0.5 nm

w0 Initial CF width 0.5 nm,WCF

Xt Characteristic gap length 0.4 nm

Vt Characteristic voltage 0.4 V

T0 Ambient temperature 300 K

Fig. 2.3 exhibits I − V characteristics of RRAM when it is excited with a quasi-DC voltage sweep

from 0 V → 1 V → 0 V for SET and 0 V → −1 V → 0 V for RESET operation. A full-length

conducting filament (x→ 0) is formed between electrodes when a particular voltage (SET voltage) is

applied across RRAM. This is called SET operation and is disruptive. This leads to an abrupt flow of

current in RRAM as it enters to low resistance state (LRS). Similarly, RRAM stops conducting fully

when a specific voltage (RESET voltage) is applied across its electrodes, and x → x0. This steers

RRAM to enter the high resistance state (HRS), having a very low current flowing between electrodes.

2.3.5 Effects of individual parameter on I − V characteristics

We vary one parameter at a time to study the effects of various parameters on the I − V charac-

teristics of the Verilog-A model. The arrow in all the I − V characteristics indicates the direction in

which a parameter is increased.

L0 is the initial fixed length of the RRAM switching layer. The accepted range of L0 variation is

1 nm to 10 nm. Fig.2.4 shows the characteristics of RRAM for different values of L0. Parameter L0
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Figure 2.4: I − V Characteristics of RRAM for varying L0

contributes to the change in the dies of the geometry as well as the electrical behaviour of RRAM.

Thus, as expected, there are huge variations in the characteristics with respect to L0. It also decreases

the SET voltage. For L0 = 10 nm, the SET voltage is equal to 0.2 V . It is observed that the SET

voltage is reduced, but the ratio of on-state resistance to off-state resistance is low, which inhibits

RRAM from being used in any application.

Similarly, when L0 = 1 nm, the SET voltage equals 0.5 V , but the on-state resistance to off-state

resistance ratio is high. The on-resistance to off-resistance ratio is acceptable when L0 = 5 nm.

Figure 2.5: I − V Characteristics of RRAM for varying WCF

WCF is the fixed width of the RRAM switching layer. Fig.2.5 shows characteristics of RRAM for

different values of WCF . The parameter WCF contributes to the change in the dies of the geometry

as well as the electrical behaviour of RRAM. Similar to L0, the current increases as WCF increase.
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Here, we can observe that the on-resistance to off-resistance ratio is almost the same for all the values

of WCF , but the resultant current is less when WCF = 1 nm. This parameter can be adjusted to

lower the current for low-power operations.

Figure 2.6: I − V Characteristics of RRAM for varying Ea

Parameter Ea controls the rate of oxygen vacancy generation during the SET process. In the

model, increasing Ea leads to an abrupt current increase at a lower voltage. Parameter Ea controls

the rate of the electrode releasing oxygen ions O2−, which is the first step of the RESET process. The

first stage sustains for a short time when the voltage starts rising. Parameter Ea is critical to the

recombination rate between oxygen vacancies and O2−, the second stage during the RESET process,

impacting the voltage and current during RESET. For Ea = 0.6 eV , the SET voltage is equal to 0.6 V .

Whereas, for Ea = 0.7 eV , the SET voltage equals 0.5 V , and for Ea = 0.8 eV , the SET voltage equals

0.4 V . Fig. 2.6 shows the I − V characteristics of RRAM for different values of Ea.

Figure 2.7: I − V Characteristics of RRAM for varying Xt
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Xt is the characteristic gap ranging between 0.3 nm to 0.8 nm. IncreasingXt results in an increased

initial current, keeping the SET voltage unaffected. By varying Xt, the on-to-off resistance ratio can

be controlled. The highest on-to-off resistance ratio is achieved for Xt = 0.3 nm, while it is the lowest

when Xt = 0.8 nm. Fig. 2.7 shows the characteristics of RRAM for different values of Xt.

Figure 2.8: I − V Characteristics of RRAM for varying Ei

Ei is the electrode-to-oxide interface. It can be observed in Fig. 2.8, as the value of Ei increases,

it escalates the RRAM current in the HRS state. Ei is varied from 0.6 eV to 0.8 eV , and a significant

rise in current can be seen. This parameter can be adjusted to obtain appropriate currents according

to the circuit requirements.

Figure 2.9: I − V Characteristics of RRAM for varying I0

I0 is the hopping current density in the gap region, varying from 1× 1010A/m2 to 1× 1015A/m2.

However, for larger values of I0, attenuation is observed in the characteristics. No loop is obtained for
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I0 = 1×1015, whereas, for smaller values of I0, the on-to-off resistance ratio is larger. For I0 = 1×1010,

the on-to-off resistance ratio is the largest, whereas, for I0 = 1× 1015, the on-to-off resistance ratio is

the least. Thus, I0 can be adjusted accordingly for an appropriate on-to-off resistance ratio. Fig. 2.9

illustrates the characteristics of RRAM for different values of I0.

Figure 2.10: I − V Characteristics of RRAM for varying a

The distance between adjacent oxygen vacancies (Vo) is denoted by a. Variation in parameter a

does not cause any significant changes in the I − V characteristics for a selected set of parameters,

except for the minor variations in the SET voltage. Increasing a causes the SET voltage to decrease

slightly. Fig.2.10 showcases the I − V characteristics of RRAM for different values of a.

Figure 2.11: I − V Characteristics of RRAM for varying f

The vibration frequency of an oxygen atom is indicated by f . For f = 1.2 × 1013 Hz, the SET

voltage is slightly larger than the SET voltage at f = 0.8×1013 Hz. Fig. 2.11 shows the characteristics
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of RRAM for different values of f .

Figure 2.12: I − V Characteristics of RRAM for varying Vt

Vt is the characteristic voltage. It does not contribute to the die of the geometry, therefore, it has

less effect on the RRAM current. Increasing Vt from 0.2 V to 0.6 V increases the RESET current, as

shown in Fig.2.12. This parameter can be adjusted accordingly to obtain less RRAM current.

(a)

Figure 2.13: I − V Characteristics of RRAM for varying Rth

Rth is the effective thermal resistance. Varying Rth does not have much effect on the characteristics,

except for a slower SET process for a higher Rth. Fig. 2.13 exhibits the characteristics of RRAM for

different values of Rth.
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2.4 Unimore RRAM Verilog-A model

2.4.1 Device structure

The Unimore RRAM Verilog-A model is designed to simulate the behaviour of bipolar metal

oxide, TiN/Ti/HfO2/T iN , RRAM devices. The model is based on the physics of these devices and

includes non-ideal effects, such as cycle-to-cycle and device-to-device variations and random telegraph

noise, which can be turned on or off through model and simulation parameters. This model considers

the conductive filament (CF) growth and barrier components that add to the total resistance of the

device [106]. The model can produce the DC and pulsed characteristics using a single set of parameters.

Fig. 2.14 illustrates the structure of RRAM. Here, x is the barrier thickness initialized to 4.2 nm before

the start of SET process, and tox is the maximum thickness of the CF.

tox

BE

TE

CF

xy

zLRS

x

BE

TE

CF

xy

zHRS

tox

Figure 2.14: Device structure [106]

2.4.2 Transport mechanism

The transport mechanism modeled by the Unimore Verilog-A model can be explained with the

help of Fig. 2.15. The RRAM is in HRS during the initial stage, generating no oxygen vacancies.

When a positive ramp input is applied across the RRAM, the current slowly rises with an increase

in the input voltage. As soon as the voltage reaches the SET voltage, the HfO2 bond stretching

is induced by the high electric field. This lowers the energy required to break the HfO2 bond and

creates oxygen vacancies.

The newly generated oxygen vacancies support the trap-assisted-tunneling (TAT) transport, which

increases the current and the local temperature. This subsequently triggers a thermally driven positive
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Figure 2.15: Evolution of oxygen ions (blue spheres) and vacancies (red spheres) during SET and RESET [107]

feedback process that leads to the formation of the conductive filament (CF), and the device is said

to be in the low resistance state (LRS), as shown in Figs. 2.15 (a-c). A negative voltage needs to

be applied across the RRAM to change the state from LRS to HRS. When a negative ramp voltage

is applied, the ions accumulated in the HfO2 layer flow back towards the CF, recombining with the

oxygen vacancies. This partially oxidizes the conductive filament, which results in the formation of

the oxide barrier and increases RRAM resistance. Thus, the RRAM is said to be in the HRS, as

illustrated in Fig. 2.15 (d-f).

2.4.3 Model equations

The model equations consider the quasi-ohmic charge transport in the conductive filament (CF)

and the trap-assisted tunneling transport in the dielectric barrier. The dielectric barrier dynamics are

modeled with differential equations Eq. 2.18 and Eq. 2.19. The model considers the field-driven oxygen

ion drift during RESET and the field and temperature accelerated bond breakage during SET [107].

The temperature dynamics of the CF and the barrier are modeled with two differential equations,

Eq. 2.22 and Eq. 2.23, which enable accurate predictions when the device is driven with very short

pulses. The effects of die structure, temperature dynamics, and the generation and rupture of the

CF are defined by Eq. 2.13 - Eq. 2.23 [106], [108]. The parameters used in the proposed study are

presented in Table. 2.3.
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RLRS =
ρ× tox

S
(2.13)

Rcf = RLRS .
tox − x

tox
.[1 + α.(Tcf − Tmeas)] (2.14)

Rbar = RLRS .β.(e
x
l ).

Ea

ekBTbar
(2.15)

R = Rcf +Rbar (2.16)

I =
V0

R
sinh(

V

V0
) (2.17)

dx

dt
= c0e

Ead−(g−axb) V
tox

kBTcf (2.18)

dx

dt
= −xc0e

Eag−gg V
x

kBTcf (2.19)

Vcf = V.
Rcf

Rcf + Rb

0.5.e
V
V0

(2.20)

Vbar = V.
0.5.e

V
V0

Rcf + RB

0.5.e
V
V0

(2.21)

dTpcf

dt
= C−1

cf [Vcf .I − kcf (Tcf − T0)− kex(Tcf − Tbar)] (2.22)

dTbar

dt
= C−1

pbar[Vbar.I − kbar(Tbar − T0)− kex(Tbar − Tcf )] (2.23)

2.4.4 Equation modeling the RTN and variation

Random Telegraph Noise (RTN) causes fluctuations in the device current, leading to errors while

reading the device state. Two physical mechanisms are responsible for RTN when the device is in

HRS or LRS [109] [110]. When the device is in HRS, RTN current fluctuations are caused due to the

temporary de-activation of the (V +
o ) defects. The de-activation is caused due to charge de-trapping

in the slow defects that do not participate in the charge transport. In LRS, RTN is caused by charge

trapping in defects located near the CF. The charges trapped at such defects disturb the potential in

their surroundings, causing a screening effect on the portion of the CF close to them, which causes a

change in the resistance of the device.

In the Unimore Verilog-A model, the defects that cause cycle-to-cycle and device-to-device vari-
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Table 2.3: RRAM model parameter

Parameter Description Value

ρ Oxide material resistivity 3000 Ω.nm

tox Oxide layer thickness 12 nm

S0 Initial conductive filament section 72 nm2

Ea Activation energy of the trap assisted tunneling 0.12 eV

T0 Ambient temperature 300 K

l Typical tunneling length 0.42 nm

V0 HRS current non-linearity factor 0.30 V

α Resistivity temperature coefficient 0.002 K−1

β Barrier resistance fitting parameter 1× 10−3

c0 Bond vibration frequency 5× 1013Hz

Cpb Barrier thermal capacity 4× 10−9J/K

Cpcf CF thermal capacity 5× 10−13J/K

kbar Barrier thermal conductivity 5× 10−5W/K

kcf CF thermal conductivity 1× 10−6W/K

kex Barrier/CF mutual thermal conductivity 0 W/K

Ead Diffusion activation energy of oxygen ions 4.4 eV

g Field enhancement factor for oxygen ions diffusion 54 e.nm

a RESET curve slope fitting parameter 14

b RESET curve fitting parameter 0.4

Eag Bond breaking activation energy 1.2 eV

gg Field enhancement factor for bond breaking 1.75 e.nm

xinit Initial barrier thickness 4.3 nm

Tinit Initial device temperature 300 K

Tmeas Temperature at which RLRS is measured 300 K

min time step vpos Minimum time step (for positive applied voltages) 1× 10−13s

min time stop vneg Minimum time step (for negative applied voltages) 1× 10−13s

tstep param Adaptive time step parameter 1× 102s

ations are distributed along the barrier when the CF is growing, and outside the CF when the CF

collapses. Each defect is associated with a random vertical distance from the bottom electrode, the

resistance variation, and the device’s initial state. The RTN current contribution due to such defects

is added to the RRAM current. The Unimore Verilog-A model incorporates the cycle-to-cycle and

device-to-device variations using Eq. 2.24 - Eq. 2.29 [108]. The RTN parameters utilized to obtain

required characteristics are illustrated in Table. 2.4.

ErelOi
= Erel0O

+ U(−∆ErelO ,∆ErelO) (2.24)

EtOi
= Et0O

+ U(−∆EtO ,∆EtO) (2.25)

∆Ri = RBar.varln (2.26)
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ErelVi
= Erel0V

+ U(−∆ErelV ,∆ErelV ) (2.27)

EtVi
= Et0V

+ U(−∆EtV ,∆EtV ) (2.28)

∆Ri = RBar.varln (2.29)

Table 2.4: RTN Parameters

Parameter Description Value

const0 Capture and emission times constant 4.19× 10−32J.m3/s

max defects
Maximum number of defects

150
that can be generated

Erel0O

Nominal oxygen ions
2.67 eV

relaxation energy

Nc
Density of states at the bottom

2.42× 1045Jm3

of the conduction band

Erel0V

Nominal oxygen vacancies
1.19 eV

relaxation energy

Et0V

Nominal oxygen vacancies
2.1 eV

thermal ionization energy

ϕ Energy barrier for injected electrons 2.1 eV

λc Typical tunneling length (capture) 2× 10−10m

λe Typical tunneling length (emission) 2× 10−10m

Et0O

Nominal oxygen ions
2.3 eV

thermal ionization energy

∆ErelO
Spread of the oxygen ions

0.4 eV
relaxation energy distribution

∆EtO
Spread of the oxygen ions thermal

0.5 eV
ionization energy distribution

∆ErelV
Spread of the oxygen vacancies

0.4 eV
relaxation energy distribution

∆EtV
Spread of the oxygen vacancies

0.5 eV
thermal ionization energy distribution

∆HRSmean

Mean of the normal distribution
ln(0.5)associated to the log-normal

distribution of the RHRS due to RTN.

∆HRSstd

Standard deviation of the normal
0.6distribution associated to the log-normal

distribution of the RHRS due to RTN.

RTN ON
Parameter used to switch on the

0
RTN module (0 = OFF, 1 = ON)

rand seed Initial random seed value 1

dxdt th
Threshold on the barrier derivative to

1× 10−10m/s
randomly reassign defects positions
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2.4.4.1 Simulation results

Fig. 2.16 showcases RRAM’s I − V characteristics obtained when an RRAM is excited with a

quasi-DC voltage sweep from 0 V → 1.2 V → 0 V for the SET and 0 V → −1.2 V → 0 V for the

RESET operations. It can be seen that the SET operation is abrupt due to sudden CF forming,

whereas the RESET operation is gradual due to the recombination of the oxygen ions. It can be

observed that the SET voltage of the RRAM is 0.8 V , and the RESET voltage is −0.8 V .

Figure 2.16: I − V Characteristics of Unimore Verilog-A model

2.4.5 Effects of individual parameter on I − V characteristics

To analyze the effects of all individual parameters on the behaviour of the device, the I − V

characteristics are studied by varying a single parameter at a time, keeping other parameters constant.

The arrow indicates the direction of increasing parameter values.

Figure 2.17: I − V Characteristics of RRAM for varying a
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2.4 Unimore RRAM Verilog-A model

Parameter a is the RESET curve fitting parameter, which models the relationship between the

barrier growth rate, the applied voltage, and the barrier thickness. The slope of the RESET curve is

influenced by a. It is changed from 13 to 16 and is observed that the RESET curve becomes steeper.

This also results in a slight decrease in the SET voltage, as depicted in Fig. 2.17.

Figure 2.18: I − V Characteristics of RRAM for varying b

Parameter b is the SET curve fitting parameter, which can be tuned to adjust the slope and

curvature of the SET characteristics. It is varied in between 0.2− 0.6. It can be observed in Fig. 2.18

that increasing b changes the curvature of the I − V characteristics and decreases the SET voltage.

Figure 2.19: I − V Characteristics of RRAM for varying Ead

The parameter Ead is the diffusion activation energy of oxygen ions, which can be altered from

4.2 eV to 4.6 eV . Increasing Ead decreases the voltage at which the barrier starts to grow. Therefore,
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it can be seen in Fig. 2.19 that as Ead is increased, the SET voltage is reduced. This parameter can

be tuned to obtain an appropriate SET voltage. To obtain the required functionality, Ead is set to

4.4 eV .

Figure 2.20: I − V Characteristics of RRAM for varying g

The parameter g is the field enhancement factor for oxygen ions diffusion. It boosts the effects of

the applied voltage, leading to faster barrier growth. As depicted in Fig. 2.20, raising the value of g

from 52 e.nm to 56 e.nm results in RESET at lower RRAM currents due to faster barrier growth.

However, increasing g causes a slight increase in the SET voltage.

Figure 2.21: I − V Characteristics of RRAM for varying Eag

The parameter Eag is the bond-breaking activation energy influencing the SET process. The

default value set for this parameter is 1.2 eV . It can be observed in Fig. 2.21, as Eag increases from

1.0 eV to 1.4 eV , the SET voltage is also increased from 0.3 V − 1 V , but the HRS resistance remains

unaffected. Hence, if it is needed to increase the SET voltage, Eag can be elevated to obtain the
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2.4 Unimore RRAM Verilog-A model

required SET voltage value while keeping the HRS intact.

Figure 2.22: I − V Characteristics of RRAM for varying gg

The parameter gg is the field enhancement factor for bond breaking that influences the SET

process. The default value for this parameter is 1.75 e.nm. Increasing gg enhances the field dependence

of the SET process. Therefore, as depicted in Fig. 2.22, increasing the value of gg from 1.55 e.nm to

1.95 e.nm results in the decrease of the SET voltage of the RRAM from 0.8 V −0.6 V . This parameter

can be effectively used to tune the SET voltage without changing the I − V characteristics and the

SET and RESET currents.

Figure 2.23: I − V Characteristics of RRAM for varying c0

The parameter c0 is the bond vibration frequency affecting the barrier variation rate. It can be

observed in Fig. 2.23 that increasing c0 from 3 × 1013Hz − 7 × 1013Hz while keeping all the other

parameters constant reduces the SET voltage slightly.

The parameter V0 is the HRS current nonlinearity factor. As shown in Fig. 2.24, when V0 is
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Figure 2.24: I − V Characteristics of RRAM for varying V0

increased from 0.30 V to 0.34 V , the current through the RRAM in LRS reduces, and the slope of

the RESET curve becomes nonlinear. V0 is set to 0.30 V to obtain the minimum nonlinearity in the

RRAM current.

Figure 2.25: I − V Characteristics of RRAM for varying kbar

The parameter kbar is the barrier thermal conductivity influencing the temperature dynamics of

RRAM. Lower temperatures lead to smaller barriers, smoother SET transitions, and more RESET

current. It can be observed in Fig. 2.25 that when kbar is increased from 1×10−5W/K to 5×10−5W/K,

the SET transition becomes smoother. This parameter can be adjusted appropriately if a drastic SET

operation is needed.

The parameter Kcf is the thermal conductivity of the conductive filament. It affects the die

geometry of the conductive filament. Smooth RESET transitions can be obtained by increasing Kcf ,
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as exhibited in Fig.. 2.26.

Figure 2.26: I − V Characteristics of RRAM for varying Kcf

2.5 Parallel and series combination of RRAM

RRAM connected in different combinations can produce characteristics that can be used to obtain

certain functionalities in a circuit. Therefore, we study the parallel and series combinations of RRAMs

in detail and verify their characteristics with contemporary works.

2.5.1 Parallel combination

When RRAM1 and RRAM2 are connected in parallel, Fig. 2.27 (a), the resultant resistance is

expected to reduce, as shown in Fig. 2.28. The I − V characteristics are obtained by connecting the

top electrode of both the RRAMs to the positive terminal, and the bottom electrodes to the ground

terminal, as illustrated in Fig. 2.27 (a). Initially, both the RRAMs are in the RESET state. When a

positive voltage is applied, these RRAMs are SET simultaneously.

Fig.2.27 (b) exhibits the I − V characteristics for the parallel combination. The orange curve

shows the I − V characteristics when RRAM1 and RRAM2 are connected in parallel, whereas the

blue curve illustrates the I − V characteristics of a single RRAM. Fig.2.28 depicts the characteristics

discussed in [111], where the current characteristics of the parallel memristors lie above the individual

characteristics of M1 and M2 as expected.
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(a) (b)

Figure 2.27: (a) RRAM connected in parallel combination (b)RRAM parallel connection obtained I − V
characteristics

Figure 2.28: RRAM parallel connection expected I − V characteristics [111]

2.5.2 Series combination

When RRAMs are connected in series in the same direction, as shown in Fig.2.29 (a), it acts as

a voltage divider circuit. Initially, RRAM1 and RRAM2 both are RESET. If the HRSs of RRAM1

and RRAM2 are different, the voltage across RRAM2 can be calculated by using Eq.2.30. However,

if the HRSs of RRAM1 and RRAM2 are same, then the voltage across RRAM2 can be obtained

by Eq.2.31. The current through the series combination is expected to decrease compared to a single

RRAM Fig.2.29 (b). When the input pulse is applied across the series combination, both RRAMs are

SET simultaneously. The I − V characteristics of this series combination match with the expected

characteristics shown in Fig. 2.30.

VRRAM2 = V in
RRAM2

RRAM1 +RRAM2
(2.30)
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VRRAM2 = V in/2 (2.31)

(a) (b)

Figure 2.29: (a) RRAM connected in series combination (b) RRAM series connection obtained I − V charac-
teristics

Figure 2.30: RRAM series connection expected I − V characteristics [111]

Another way of connecting RRAMs in series is to put them together in the opposite direction,

as shown in Fig.2.31 (a). When a positive voltage is applied across this combination, RRAM1 is

SET. However, RRAM2 cannot be SET because it is connected in the opposite direction. Therefore,

when RRAM1 enters the LRS abruptly, the voltage across RRAM2 rises suddenly. This property is

explored to design the proposed I&F neuron. As shown in Fig.2.31 (b), the proposed combination

results no loop, similar to [111] as exhibited in Fig. 2.32.
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(a) (b)

Figure 2.31: (a) RRAM connected in series combination in opposite direction (b) RRAM series connection
obtained I − V characteristics

Figure 2.32: RRAM series connection expected I − V characteristics [111]

2.6 Cycle-to-Cycle and Device-to-Device variation

Figure 2.33: Switching voltage variability for 20 consecutive SET/RESET cycle

58

TH-3339_186102005



2.7 Summary

RRAM devices suffer from cycle-to-cycle and device-to-device variations, a major hindrance to

developing RRAM-based large-scale systems. The Unimore Verilog-A model incorporates the cycle-

to-cycle and device-to-device variations in RRAM. Fig. 2.33 shows variation in the switching voltage

for 20 consecutive SET/RESET cycles. The variation in the resistances of the RRAM in LRS and

HRS states is also evaluated. Fig. 2.34 shows the mean and standard deviation of the LRS and

HRS for cycle-to-cycle variations. The mean and standard deviations during the LRS are 694 Ω and

122 Ω, whereas the mean and standard deviations during the HRS are 75 KΩ and 19.8 KΩ. Fig. 2.35

illustrates the mean and standard deviations of the LRS and HRS for device-to-device variations. The

mean and standard deviations during the LRS are 693 Ω and 124 Ω, whereas the mean and standard

deviation during the HRS are 73 KΩ and 18.19 KΩ.
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Figure 2.34: Mean and standard deviation for cycle-to-cycle variation in (a) HRS and (b) LRS
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Figure 2.35: Mean and standard deviation for device-to-device variation in (a) HRS and (b) LRS

2.7 Summary

This chapter presents the detailed analysis of the Peking Verilog-A model and the Unimore Verilog-

A model. We study the device structure and the model equations that define the resistive state of
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the device. We further study the effects of different model parameters on the I − V characteristics of

RRAM. It is found that some parameters can be tuned to achieve faster switching, whereas the on/off

ratio of the device can also be controlled by tuning the parameters. All the parameters are varied

in the specified range in the Verilog-A model, ensuring that the characteristics match the fabricated

devices.

We perform various experiments by connecting the devices in series and parallel to explore different

behaviour and verify the functionality of the device by matching it with the existing state-of-the-art

works. As the Unimore Verilog-A model supports cycle-to-cycle and device-to-device variations, we

analyzed the device’s performance in the presence of these variations. The Unimore Verilog-A model

includes a module that can induce random telegraph noise (RTN) during circuit simulations to study

the effects of RTN noise on the peripheral circuits. The various analysis discussed in this chapter

helps design appropriate hybrid CMOS/RRAM circuits, as discussed in the next chapters.
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3. RRAM Based Integrate and Fire Neuron

3.1 Introduction

Neurons are the basic building block of a neuromorphic system. Therefore, optimizing the circuits

mimicking neurons lead to low-power large-scale neuromorphic systems. The state-of-the-art analog

implementations of I&F neuron circuits employ capacitors and complex CMOS circuits for the inte-

gration dynamics of an I&F neuron [112]. However, capacitors consume a lot of silicon area, hindering

the realization of large-neuromorphic systems.

With the advent of novel devices, such as RRAMs, multifold reduction in power and area consump-

tion can be achieved. RRAM is considered the most mature technology [104] and has been widely

explored to implement low-power synapses for SNN. The abrupt SET characteristics of an RRAM can

be explored to replace the capacitors to obtain the integration dynamics for an I&F neuron.

This chapter presents an RRAM-based I&F neuron with a built-in reset circuit. The proposed

circuit uses RRAM as a voltage divider for I&F operation. Since the RRAMs are connected in series in

the opposite directions, one RRAM remains in HRS. Therefore, it conducts a very low current during

spiking. The proposed neuron exhibits temporal integration, triggering threshold, and refractory

period similar to a biological neuron making it a suitable candidate to be used in neuromorphic

computing. Including a reset circuit into an RRAM-based neuron enables the implementation of a

large-scale SNN, making it superior in terms of power and energy consumption.

3.2 I&F operation using RRAM

The I − V characteristics of RRAM in Fig. 2.16 shows that the RESET operation is gradual,

whereas the SET operation is abrupt. This abrupt operation results from the sudden conductive

filament formation between the top and bottom electrodes. We explore this property of the RRAM

device to generate an important functionality that integrates the incoming current and generates a

spike when the threshold is reached. When a positive potential is applied across the RRAM, it transits

from HRS to LRS. Initially, there is no rise in the RRAM current, but a slow increase in current can

be observed as the conducting filament starts forming. A sudden rise in the current is observed when

the RRAM is SET, as shown in Fig. 3.1. This behavior is similar to the I&F operation of a biological

neuron.

The inputs to the neuron in spiking neural networks are in the form of voltage pulses. Therefore,

verifying the above-observed characteristics when input pulses are applied across the device is impor-

62

TH-3339_186102005



3.2 I&F operation using RRAM

Figure 3.1: RRAM SET voltages at different Vtb

tant. We apply an input pulse of 1 V and 5 ns width and 10 ns period with 0.1 ns rise and fall

time across the RRAM to obtain the pulsed characteristics and observe the current. The obtained

characteristics are shown in Fig.3.2. The current dynamics in response to a pulse are the same as that

of the quasi-DC characteristics in Fig. 3.1.

Figure 3.2: Current through RRAM for pulse input with different amplitude

The positive voltage applied at the top electrode affects the SET voltage of RRAM. As Vtb (voltage

applied across the top and bottom electrode of RRAM) increases, the rate at which CF grows increases,

making the RRAM SET process faster. Therefore it can be observed in Fig.3.2 that when the amplitude

of the input pulse is increased, the output spike is obtained much earlier.

The Unimore Verilog-A model also incorporates the thermal effects. In Fig.3.2, we can observe

that the current during the start of the next pulse is higher than that of the end of the previous
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pulse. This is because of the change in temperature and x when a pulse is applied. In the absence

of the pulse, the RRAM current increases due to a decrease in the temperature, reducing the overall

resistance of RRAM. The Unimore RRAM Verilog-A model includes the thermal effects of RRAM

switching. During the SET pulse, heating the conducting filament (CF) from P1 to P2 increases its

resistance, whereas gap x is reduced, decreasing the resistance of RRAM. The increase in resistance

due to the temperature is less than the decrease in the resistance due to the reduction in x. Therefore,

there is an overall increase in the conductance. Conversely, when the SET pulse is absent, the change

in gap temperature Tx reduces gap resistance Rbar because there is a minimal decrease in x. As shown

in Fig. 3.3, Tcf , the conductivity filament temperature at P2 is higher than that at P3. The decrease

in Tcf also lowers CF resistance Rcf , further reducing overall resistance R and increasing conductivity

and overall current in the RRAM. Therefore, the current at P3 in RRAM is higher than at P2.

Figure 3.3: Temperature effects on RRAM switching

The device characteristics depicted in Fig. 3.3 can be explained using Eq.3.1 - Eq.3.4, which define

the RRAM resistance of the Unimore Verilog-A model. As shown in Eq. 3.1, the current depends

on R. R is the linear combination of Rbar and Rcf . It can be observed that, from P1 to P2, the

increase in Tcf and decrease in x boost Rcf , whereas Rbar reduces. It can be seen that the decrement

in Rbar is more than the increment in Rcf , which leads to an overall decrease in R, increasing the
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overall current in RRAM. Similarly, when the SET pulse is absent, x is approximately constant as Tx

decreases, which reduces Rbar. A further change in Tcf reduces Rcf . Thus, R is lowered, increasing

the current in RRAM when the pulse is absent. This is showcased in Table 3.2. Table 3.1 exhibits all

the parameters used for calculating the variables in Table 3.2.

Itb =
V0Sinh(

Vtb
V0

)

R
(3.1)

R = Rbar +Rcf (3.2)

Rbar = (beta×Rlrse
(x
l
−1)e

( Ea
Kb(Tx+C1)

)
) (3.3)

Here, C1 = 1.0× 10−15

Rcf = Rlrs(
tox − x

tox
)(1 + alpha(Tcf − Tmeas) (3.4)

Table 3.1: Parameters used in Verilog-A model

Parameter Definition Value

V0 HRS curent non linearity factor 0.32

beta barrier resistance fitting parameter 10−3

l typical tunneling length 0.42

alpha Resistivity temperature coeff 0.002

tox Oxide layer thickness 12× 10−9M

Ea Activation energy 0.12eV

Kb Boltzmann constant 8.6× 10−5

tmeas Temperature at which LRS is measured 300

Table 3.2: Calculations for P1, P2 and P3

Point V0 (V ) Vtb (V ) Tcf (K) Rbar (Ω) Rcf (Ω) R(Ω) Itb(A)

P1 0.32 1.4 776.3 2.05× 103 850 2900 4.3× 10−3

P2 0.32 1.4 875.4 948 964 1912 6.6× 10−3

P3 0.32 1.4 846 467 962 1429 8.8× 10−3
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3. RRAM Based Integrate and Fire Neuron

3.3 RRAM connected in series and opposite direction

Fig. 3.4 (a) shows two RRAMs connected in series but in the opposite direction. A quasi-DC

voltage sweep is applied to demonstrate I&F operation using the above-mentioned circuit. Since a

positive voltage appears across RRAM1, it changes its state from HRS to LRS. At the same time,

the voltage across RRAM2 is negative. Therefore it remains in HRS. The drop in RRAM1 resistance

due to applied input voltage causes a sudden rise in the potential of Vs , which is shown in Fig. 3.4

(b).

RRAM1

RRAM2

Vs

Sudden rise in 

Vs as RRAM1 

enters LRSVin

(a) a (b) b

Figure 3.4: (a) RRAM connected in series and opposite direction to generate the required sudden change
in voltage (b) Voltage Vs across RRAM2, when RRAM1 and RRAM2 are connected in opposite direction in
series

Using a transistor as a resistor instead of RRAM2 is an alternative, but it needs to be operated in

the linear region. This requires proper biasing and the gate terminal of the transistor to be connected

with an external supply voltage to keep it in the linear region, which increases the design complexity

of the neuron. Further, because of the narrow linear region, the DC operating point of the transistor

would not be as stable as RRAM, in which the resistance does not change once it is set. Also, RRAM2

acts as a compliance element and limits the current to 0.4 µA, when RRAM1 sets abruptly. Thus, it

is better to employ RRAM instead of a transistor for optimally designing the neuron.

3.4 Digital reset control with Pulse propagation

Fig. 3.5 exhibits an I&F neuron with digital pulse propagation and reset controller. It consists of

a Pulse Detector and Propagation, Timer, and Reset Enable blocks. The pulse detector activates

the Reset Enable block in response to the spike generated at terminal Vs, and, at the same time, the
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3.5 Proposed I&F neuron with reset circuit

Timer block also gets enabled. The Timer is switched on for 0.3 µs so that RRAM can be reset

properly. Once the Timer is off, it deactivates Reset Enable so the neuron can accept the next input

spikes. The above-mentioned blocks are implemented using 16 D-flip flops and one multiplexer. Total

142 transistors are employed in this implementation, consuming 210 µW power and 112×5 µm2 area.

Input 

Spike

RRAM1

RRAM2

Vs

Vreset

Pulse Detector 

and 

Propogation
Timer Block

Reset Enable

Reset_En

Output Pulse

Figure 3.5: I&F Neuron with digital pulse propagation and RRAM reset block

Implementing a neuromorphic system involves a large number of neurons. For example, Intel Loihi

2 [113] has one million neurons and 120 million synapses per chip. If the proposed digital neuron

implemented at UMC 65 nm CMOS technology is employed to realize it on silicon, it will take 210 W

power per chip as compared to less than 1 W power consumed by Intel Loihi realized at 14 nm

FinFET technology. Since the proposed digital neuron is realized employing 16 D-flip flops, its power

consumption is high due to its switching activity per spike. Thus, our endeavour is to reduce power at

UMC 65 nm CMOS technology node itself by implementing it using novel devices, which is described

below.

3.5 Proposed I&F neuron with reset circuit

The construction of the proposed I&F neuron circuit is illustrated in Fig. 3.6. This circuit can

be divided into three parts. Part (i) consists of RRAM1 and RRAM2 in series, which perform the

I&F operation. Part (ii) consists of transistors M2 −M9 propagating the spike generated to other

neurons similar to the axon in a biological neuron. Part (iii) is the RRAM reset block consisting of

transistors M10−M22, which initializes RRAM1 to HRS. Using a transistor as a resistor instead of
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3. RRAM Based Integrate and Fire Neuron

RRAM2 seems to be an alternative, but it needs to be operated in the linear region. This requires

proper biasing and the gate terminal of the transistor to be connected with an external supply voltage

to keep it in the linear region, which increases the design complexity of the neuron. Further, because

of the narrow linear region, the DC operating point of the transistor would not be as stable as RRAM,

in which the resistance does not change once it is SET. Also, RRAM2 acts as a compliance element

and limits the current to 0.4 µA when RRAM1 SETs abruptly. Thus, it is better to employ RRAM

in place of a transistor for designing the neuron optimally.

Input Spike

Vout Output Spike

M1

M18

M19

M22

Pulse propagation to other 

neuron in network (Axon)

RRAM1

RRAM2

Vs

RRAM Reset Block

Integrate and 

Fire operation

(i)

(ii)

(iii)

-Vdd-Vdd-Vdd-Vdd

Negative 

Pulse 

Generator

Reset_En
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Vdd
T1T1T1

M2 M4 M6

T2

M3 M5

VddVddVdd

M4 M6

T2

M3 M5

Vdd

VddVddVddVddVddVddVddVddVddVddVddVddVddVddVddVddVddVdd

Vdd

Delay

 D1

Delay

 D2

M8
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M
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M11

M12

M13

M14

M15

M16

M
1
7

M20

M21

T3
T4

M7

Figure 3.6: Proposed neuron circuit with integrated RRAM reset circuit

Fig. 3.6-(i) performs I&F operation. Initially, RRAM1 and RRAM2 are in HRS. For RRAM1,

x0 is initialized to 4 nm with a resistance of 50 MΩ in HRS. The potential across RRAM2 can be

calculated using Eq. 3.5, where RRRAM1 and RRRAM2 are the resistances of RRAM1 and RRAM2,

respectively. The initial value of Vs is found to be 0.02 V , and the initial current passing through

RRAM1 in the RESET state is 15.5 nA. When input pulse of 0.8 V amplitude, 3 ns width, 6 ns

period, and 0.1 ns rise and fall time is applied at the input, a pulse is generated at Vs when RRAM1

is set, and the current through RRAM1 increases to 0.4 µA. It can be observed that during this

spiking event, the current passes through the RRAM circuit is very low. This significantly reduces

the energy consumption of the proposed neuron, making it a suitable candidate to be employed in

neuromorphic computing. In order to generate pulses continuously, it is imperative to reset RRAM1.
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3.5 Proposed I&F neuron with reset circuit

Vs =
RRRAM2

RRRAM1 +RRRAM2
Vin (3.5)

Table 3.3: I&F neuron circuit parameters

Transistor
Channel length Channel width

(nm) (nm)

M1, M13 80 400

M2, M10 85 400

M3, M5, M13, M11 80 200

M4, M6, M14, M12 80 100

M7, M8, M16, M15 80 550

M20 70 120

M21, M22 210 120

M18, M19 120 120

3.5.1 Analog pulse propagation and RRAM reset block

The implementation of a neuron using RRAM and bulk CMOS transistors is illustrated in Fig. 3.6.

Initially, terminals T1 and T2 are at Vdd and zero potential, respectively. It is to mention that M2

is OFF because Vs is at a very low potential. As soon as spikes arrive at the input terminal, the

resistance of RRAM1 starts reducing. When RRAM1 is SET, the voltage at terminal Vs is found

to be ∼ 0.52 V , sufficient to switch M2 on. As a result, T1 pulls down to 0 V , and the potential

at T2 increases to Vdd, which further turns M8 off and enables the delay unit D1. To generate an

output spike, the latch composed of M3, M4, M5, and M6 needs to be reset. This is accomplished

with the help of D1, which provides a delay of 3 ns leading to produce an output pulse similar to the

input pulse. It is to mention that the delay mostly depends on the leakage current and the width of

M9 [114], which is set to 200 nm. D1 enables M7 after 3 ns, which brings down the potentials of T1

and T2 to Vdd and 0 V , respectively.

As we know, during the refractory period, a neuron should not respond to the incoming pulses.

This functionality is incorporated in the proposed design, and this period is utilized to reset RRAM1.

Thus, for the neuron to accept incoming pulses, RRAM1 must be reset to HRS. The RRAM reset

block shown in Fig. 3.6-(iii) resets RRAM1 whenever a pulse is generated at T2. The schematic and

functioning of the reset block is the same as that of the pulse propagation block except for the output

pulse duration, which should be equal to the RRAM reset time and is estimated to be approximately

0.3 µs. Therefore, the delay unit D2 is designed accordingly, and the width of M17 is set to 400 nm
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3. RRAM Based Integrate and Fire Neuron

for the said purpose. Since a neuron must enter into the refractory period after spike generation,

thus when the potential at T4 rises to Vdd, it switches M1 off and isolates the neuron from the input

terminal. Further, in order to reset RRAM1, a negative voltage is required.

Fig. 3.6-(iii) exhibits the schematic of the negative pulse generator. To repeat the I&F cycle, the

RRAM should be RESET after every SET. A negative voltage needs to be applied across the RRAM

to RESET. Therefore, we need a negative pulse generator circuit to be incorporated into the neuron

circuit. The schematic for the negative pulse generator for different modes of operation is depicted in

Fig.3.7 and Fig.3.8. The working of the negative pulse generator is explained below with the help of

an input transistor M1 in the proposed neuron circuit.

Figure 3.7: Schematic for negative pulse generator (Reset En = 0V )

When Reset En is set to 0, the gate to source voltage (Vgs) of M21 and M22 becomes 0 V , which

turns off M21 and M22. Similarly, Vgs for M20 equals −0.8 V , which is less than the threshold voltage

of the PMOS transistor M20. This sets Tint at −V dd (−0.8 V ). Thus, it can be seen that M18 and

M19 are off as their Vgs are less than the threshold voltages. Since the gate terminal of transistor M1

is at 0 V , and an input spike with a positive voltage (0.8 V ) is applied to the source terminal, M1

acts as a switch, and the input spikes pass through TE, which is connected to the top electrode of

RRAM1 in Fig. 3 of the revised manuscript. Fig. 3.9 illustrates the output waveform for a negative

pulse generator. It may be observed that the potential at TE, i.e., V(TE), varies from (0.8 V −0.1 V ).

A transmission gate may be used in place of transistor M1 to get a full voltage swing at TE,

but this would add no benefit to the functionality of the neuron because an RRAM sets only when a

minimum set potential appears across the top electrode. Thus, using a single PMOS transistor M1,
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3.5 Proposed I&F neuron with reset circuit

Figure 3.8: Schematic for negative pulse generator (Reset En = 0.8V )

we save the area of three transistors (one NMOS transistor and two MOSFETs for an inverter required

for a transmission gate), optimizing the circuit.

Figure 3.9: Output for negative pulse generator

When Reset En is 0.8 V , it may be seen in Fig. 3.8 that Vgs of M21 and M22 are 0.8 V , which is

greater than the threshold voltage, turning these transistors on. When M21 and M22 are turned on,

Tint is short-circuited to the ground, making V(Tint) equal to 0 V . Due to the rise in the potential of

Tint, M18 switches on as Vgs = 0.8 V . M1 is turned off as the potential of the gate terminal becomes
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0.8 V . Thus, as depicted in Fig. 3.9, we get a negative potential at TE, which resets the RRAM1

connected at TE. It is to mention that M18 and M19 form an inverter with logic levels shifted, i.e.,

high → gnd and low→ −V dd. M22 is used to avoid connecting TE to the ground when Reset En is

0. If M22 is not employed, it may result in input pulses shorted to ground through M19.

Figure 3.10: Layout of pulse propagation and RRAM reset block

Note that as the negative voltage is used in the circuit, there are chances that the transistors

may break down. Thus, M20 and M21 with gate oxides with 6 nm thickness are employed in the

proposed circuit, whereas other transistors with 2.6 nm gate oxide thickness are used. Once RRAM1

resets to HRS, the delay unit turns on M15, bringing down T4 to 0 V , which enables M1 and the

neuron becomes ready to accept the input pulse again. The above-mentioned steps get repeated to

make each I&F cycle identical. Fig. 3.6-(ii) and Fig. 3.6-(iii) are realized using 22 CMOS transistors

consuming 2.3 µW power and 12 × 3 µm2 area. Table 3.3 illustrates circuit parameters used in the

implementation of the proposed neuron. Its layout is designed using Cadence Virtuoso and is shown

in Fig. 3.10.

Figure 3.11: (a) Output for digital reset control and analog reset control (b) Firing frequency with respect to
initial conducting filament length and amplitude of input pulse.
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3.6 Behavioural analysis of the proposed neuron

Fig. 3.11 exhibits the output pulse generated employing analog and digital implementations of pulse

propagation and reset control block. The output spikes generated by both these implementations are

the same. However, the area utilization and power consumption of analog implementation is 15.56×

and 91.30× times less than that of the digital implementation.

3.6 Behavioural analysis of the proposed neuron

As we know that the firing frequency of a neuron should vary with the amplitude and width of

incoming pulses. This is exhibited by the proposed neuron in Fig. 3.12, where the amplitude of the

input pulse is varied from 0.8 V to 1.1 V . In Fig. 3.13, the width of the 0.8 V input pulse is varied

from 3 ns to 15 ns. The initial value of x, i.e., x0, also impacts the time required to set the RRAM

and affects the output frequency of the neuron.

Figure 3.12: Firing frequency for different input pulse voltage

For the different values of initial conducting filament length, x0, the range of firing frequency varies,

as shown in Fig. 3.14. The neuron generates the lowest output frequency spikes for Vpulse = 0.8 V ,

with a pulse width of 3 ns, and x0 is initialized to 4 nm, whereas maximum spikes are generated for

Vpulse = 1.1 V , with a pulse width of 15 ns and x0 = 2.5 nm. This aids in setting an appropriate

firing frequency of a neuron according to the application. It is to mention that Eq. 3.6 is employed

to calculate the energy per spike of the neurons, which is depicted in Table 3.4, while comparing the

proposed neuron with various contemporary neurons.

E =

N∑
i=1

Vpulse,iIpulse,iTpulse,i (3.6)
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Figure 3.13: Firing frequency for different input pulse width

Figure 3.14: Firing frequency with respect to initial conducting filament length and amplitude of input pulse.

3.7 Variation and Stability analysis

In this section, the effect of variations of various parameters of RRAM on the performance of the

proposed neuron is studied to evaluate its stability. Fig. 3.15 illustrates the cycle-to-cycle variation

in the RRAM resistance, when RRAM is subjected to a different number of pulses.

As observed in Figs.3.16 and 3.17, the proposed neuron produces reliable output if the variation is

limited to 20 %. As we know, the stability of the neurons is imperative for the reliable operation of a

neural network; an analysis of the proposed neuron is conducted by varying temperature and supply

voltage. It is found that there is 23 % variation in the output spiking frequency when the temperature

changes from −10◦ C to 110◦ C. Further, variation in the supply voltage from 0.8 V to 1.2 V results

in 25 % change in the spiking frequency.

Similarly, a corner case analysis of the proposed neuron is performed to evaluate its performance.

Fig. 3.18 depicts output spikes generated by the proposed neuron in all the corner cases. For the

proposed study, SS, FF, FNSP, and SNFP corners are used. Here, SS, FF, FNSP, and SNFP stand
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Figure 3.15: The distribution of resistance of RRAM for different number of pulses

Figure 3.16: Neuron spiking in presence of 20% variation in resistance

for Slow NMOS and Slow PMOS, Fast NMOS and Fast PMOS, Fast NMOS, and Slow PMOS, and

Slow NMOS and Fast PMOS, respectively. For SS and SNFP, the threshold of NMOS transistors is

increased, thus, as expected, the spikes are delayed for SS and SNFP corners. On the contrary, for

FF and FNSP, the threshold of the NMOS transistor is decreased, which causes the neuron to spike

early. Although differences in the spike timing at different corners are observed, it can be noted that

the proposed neuron generates spikes at all the corners appropriately.

The circuit of a neuron is validated in the presence of white Gaussian noise. The current profile of

Gaussian white noise is depicted in Fig. 3.19 (a). It is to mention that the output spikes of a neuron

are shown in Fig. 3.19 (b) when noise is absent in the input signal. It can be observed in Fig. 3.19 (c)

output bursts exist in the presence of noise, and spike count increases slightly. It can be stated that

the variation tolerant circuit design adds more elements to the circuit, increasing its design complexity,

area utilization, and power consumption, while the incorporation of variation tolerant techniques at

the architecture level produces optimal design exhibiting its better performance.
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Figure 3.17: Neuron spiking in presence of 20% variation in switching voltage

Figure 3.18: Neuron spiking in corner cases

Figure 3.19: (a) Gaussian white noise current profile (b) Neuron spiking in presence of noise

3.8 Benchmarking with state of the art I&F neuron circuits

As shown in Table 3.4, [115] employs novel devices for the spike generation and exhibits a higher

frequency range, but energy per spike is still in the range of 10−12J due to device switching. [116], [118]
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Table 3.4: Comparison of energy per spike, frequency and need for external reset circuit of proposed I&F
Neuron and published I&F Neurons

Publication Year Platform Neuron Model Energy per spike (J) Spiking frequency
External reset

circuit/Controller

[115] 2018 PCMO IF 4.8× 10−12 0.4 MHz − 0.8 MHz Yes

[116] 2020 SGFBPF LIF 0.25× 10−12 150 kHz No

[117] 2020 FBFET IF 2.9× 10−15 20 kHz No

[118] 2020 PDSOI MOSFET IF 3.2× 10−15 150 kHz Yes

[119] 2021 DG-JLFET LIF 1.14× 10−12 200 MHz No

[120] 2021 CMOS IF 0.135× 10−12 0.2 kHz No

Proposed Work 2022 RRAM IF 1.5× 10−15 277 kHz − 3 MHz No

consume less energy per spike, but they need a digital reset circuit, which increases overall power

consumption. Although [119] and [120] do not use any external reset circuit, the energy per spike is in

the range of 10−12J . This is because of their implementation using CMOS logic. The proposed neuron

circuit has the lowest energy per spike, 1.5× 10−15 J , and it does not need any external reset circuit.

It is 2× more energy efficient than [117], which is implemented using nanoscale FBFET technology.

3.9 Summary

This chapter discusses an RRAM-based I&F neuron with a self-resetting circuit. We perform

corner analysis to verify the performance of the proposed neuron at all the process corners. We also

evaluate the neuron spiking in the presence of RRAM’s cycle-to-cycle and device-to-device variations.

The proposed neuron circuit generates reliable output spikes even in the presence of RTN, validating

the robustness of the proposed circuit. The neurons realized with MOSFETs do not need external

circuits but exhibit higher energy usage. Novel devices, such as PCM, and RRAM, generate spikes

using less energy but require an external reset circuit. Integrating the reset block with the neuron

enables area and power optimal implementation of large-scale SNN. The proposed neuron’s area uti-

lization and power consumption are 36 µm2 and 2.3 µW . Using MOSFET as a capacitor makes the

proposed neuron highly scalable. Since the synapse in SNN can also be implemented using RRAM,

the proposed neuron can be easily integrated with RRAM synapse, enabling synapse and neuron to

be designed using the same device technology for realizing large neuromorphic systems efficiently.
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4. RRAM based 4-bit/cell Synapse

4.1 Introduction

Resistive Random Access Memory (RRAM) has been widely explored to represent the synaptic

weights in artificial neural networks. Despite significant advances in device technology, implementing

multi-bit synapses that could save area utilization by increasing the density of the synaptic archi-

tectures is challenging. Moreover, precise modulation of conductance required for maintaining high

accuracy remains a significant challenge. These devices suffer mainly from cycle-to-cycle and device-

to-device variations, which make it even more difficult to implement reliable neuromorphic systems.

In this chapter, an RRAM-based 4 − bit/cell synaptic architecture with continuous sensing and

feedback scheme is present to stop RRAM programming when the required conductance is achieved.

Unlike contemporary architectures, which require a precise gap between different resistive states, the

proposed feedback scheme to stop RESET operation provides flexibility in choosing resistive states.

The variation and stability analyses of the peripheral circuits are performed to verify the robustness

of the proposed programming scheme for the synaptic architecture.

4.2 4T − 1R structure for SET/RESET operation

In the proposed synaptic architecture, we employ a 4T − 1R structure, as shown in Fig. 4.1 (a). It

consists of two PMOS and two NMOS transistors that can be switched accordingly to SET or RESET

the RRAM. As shown in Fig. 4.1 (b), M1 and M2 are turned on during SET operation, resulting

in a positive potential across RRAM, triggering the SET process. Similarly, RRAM is RESET by

enabling M3 and M4, resulting in a negative voltage across RRAM that triggers the RESET process,

as depicted in Fig. 4.1 (c).
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Figure 4.1: (a) Schematic for 4T − 1R structure (b) SET process (c) RESET process

The arrangement of the RRAM cells and the 4T − 1R structure in a synaptic array is shown in
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4.2 4T − 1R structure for SET/RESET operation

Fig. 4.2. The NMOS and PMOS transistors are controlled using the set en bl, set enbar wl, and

reset en wl and reset enbar bl indicating SET and RESET operation of a selected wordline and

bitline in the synaptic array. When it is required to SET a particular cell, set enbar wl is enabled,

selecting all the RRAM cells connected to output neuron No0 − Nom. The input set en bl selects

an individual RRAM cell. Similarly, if the RESET operation is to be performed, reset enbar wl is

enabled, selecting all the cells connected to one particular output neuron and enabling reset enbar bl

to select an individual cell to RESET.

Figure 4.2: Arrangement of 4T − 1R structure in array

The transistor in series with RRAM helps diminish sneak path current, a primary concern while

designing resistive arrays. During training, appropriate signals can be applied depending on which

cell is selected and whether it is to be SET or RESET. During the inference phase, all input neurons

(Ni0 −Nin) are connected to their corresponding output neurons through respective synapses R00-

Rnm and signals E0− Em control these connections. The programming of the RRAM cell is shown

in Fig. 4.3. The RRAM cell is switched from SET to RESET repeatedly, showing that the 4T − 1R

structure can be efficiently used to reprogram the RRAM cells.
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Figure 4.3: RRAM programming to SET and RESET

4.3 Synaptic architecture

The proposed synaptic architecture is depicted in Fig. 4.4. The synapse update block controls

the SET and RESET operation while training. During inference, all the signals, namely set en bl,

set enbar wl, reset en wl, and reset enbar wl, are disabled, thus, preventing any SET or RESET

operation. To program the RRAM cell and precisely control its resistive state, we use a RESET stop

block, as shown in Fig. 4.4. The purpose of the RESET stop block is to stop the RESET operation

when a desired resistive state is achieved. During a RESET operation, a reference voltage correspond-

ing to the required resistive state is generated by the reference voltage generator that consists of a

digital-to-analog converter.

The voltage at Vbe is compared to this reference voltage Vref , and when Vbe = Vref , the comparator

generates output signal stop c. The voltage Vbe may vary due to the switching of the transistors M1,

M2, M3, and M4; this might prompt the comparator to generate false stop signals. Thus, a stop
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Figure 4.4: Synaptic architecture

logic circuit is designed that generates a stop pulse in response to the comparator output only when

the reset enbar bl signal is enabled. This prevents false triggering in the circuit and assures reliable

operation. Table 4.1 shows the allocation of the 16 resistive states ranging from 2.1 kΩ to 73 kΩ. In

Table 4.1, Vbe indicates the voltage at the bottom electrode corresponding to each resistive state.

Table 4.1: Resistive state and its corresponding V be for 4-bit precision

Count Vbe RRRAM (kΩ) Count Vbe RRRAM (kΩ)

1111 1.14 74.2 0111 0.91 32.8

1110 1.12 69.6 0110 0.88 28.2

1101 1.09 65.0 0101 0.854 23.6

1100 1.06 60.4 0100 0.82 19.0

1011 1.03 55.8 0011 0.79 14.4

1010 1 51.2 0010 0.76 9.8

1001 0.97 46.6 0001 0.73 5.2

1000 0.94 37.4 0000 0.7 1.1

The connection of an individual selected synaptic cell in the array is shown in Fig. 4.5. The

functionality is explained with the help of waveforms in Fig. 4.6. As shown in Fig. 4.5, the BE of the

RRAM cell is connected to the comparator to monitor the voltage drop during RESET operation.

Reference voltage Vref is obtained from the reference voltage generator. The output of the comparator
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Figure 4.5: RESET stop block for a single RRAM cell

stop c is fed to the stop logic circuit, which sends a feedback signal stop update to the synapse update

block to stop the RESET operation when the desired resistive state is achieved.
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Figure 4.6: RESET operation for a selected RRAM cell

All the RRAM cells are initialized to LRS. Therefore, if the weight to be updated is 0000; no

operation is performed since RRAM is already in LRS (indicated by state − 1 in Fig. 4.6). During

the next cycle, the weight to be updated is 0011; hence the train signal is enabled as indicated

84

TH-3339_186102005



4.4 CMOS peripheral circuits

by state − 2. The synapse update block starts the RESET operation by enabling reset en wl and

reset enbar bl signal corresponding to the selected RRAM cell. Also, the reference voltage generator

provides a Vref of 0.79 V , corresponding to the weight 0011, as indicated in the state − 3. Since a

negative potential appears across RRAM, the RESET process starts. As a result, the potential at BE,

i.e., Vbe, starts falling, as highlighted by state − 4. Once the required resistive state is obtained, the

potential at Vbe reaches the corresponding value, and the comparator triggers the stop logic circuit,

which further generates a positive pulse stop update, as shown in the state−5. This, in turn, disables

the reset enbar bl signal, indicated by state− 6.

The change in resistive state can be verified by observing the potential at Vbe after the RESET

process is completed. It can be observed that Vbe before the RESET operation is higher than the

Vbe after the RESET operation is performed; this is highlighted by states − 7a and 7b, respectively.

Fig. 4.7 shows precise control of the RESET process. The stop update signal is generated precisely

at every corresponding Vbe of all resistive states shown in Table 4.1, validating our claim to achieve

4− bit/cell precision programming.

Figure 4.7: Precise stop update pulse generation for all 16 states

4.4 CMOS peripheral circuits

4.4.1 Reference voltage generator

A digital-to-analog converter (DAC), followed by a quasi-linear current-to-voltage converter shown

in Fig. 4.8, is employed as a reference voltage generator. This provides a reference voltage for the

comparator when a digital input is received from the weight update block of the proposed architecture.
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As depicted in Fig. 4.8, the DAC is followed by a quasi-linear current-to-voltage converter. Transis-

tors MD1 −MD16 form the DAC, whereas transistors MD17 −MD20 form the current-to-voltage

converter. The MD17 and MD18 transistors form a current mirror. The other two transistors, MD19

and MD20, are connected in series, creating a non-linear resistor. The output of the reference voltage

generator is shown in Fig. 4.9. It shows that appropriate voltages are generated for all 16 possible

input combinations.

The non-linear characteristics of the resistor help achieve a quasi-linear current-to-voltage conver-

sion and a linear operation in a wide voltage range. For this, the transistor MD19 should operate in

the triode region, and proper sizing of the transistor is also important. One of the conditions that

must be fulfilled to achieve a quasi-linear characteristic is shown in Eq. 4.1. VDS is the drain-source

voltage, VGS is the gate-source voltage, and Vth is the threshold voltage of the transistor MD19. We

use a constant transconductance bias circuit to reduce the process variation and mismatch effects to

supply constant current in the presence of variation and mismatch.

VDS < VGS − Vth (4.1)

The maximum power is dissipated in the reference voltage generator when the inputs to the DAC

change from 0000 to 1111 or from 1111 to 0000 because of the switching of all the current sources

at once. We change the input to turn maximum transistors on and off to estimate the maximum

power consumed. To achieve this, we initially apply 0000 and then change the input to 1111 so that
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Figure 4.9: Output of reference voltage generator circuit

maximum voltage swing is obtained at the output of the reference voltage generator. Fig. 4.10 shows

the output corresponding to the applied inputs and the instantaneous power consumed. Note that the

power consumed by the reference voltage generator is estimated as 7.1 µW .

Table 4.2: Reference voltage generator circuit parameters

Transistor Channel length Channel width Transistor Channel length Channel width

MD1 500 nm 85 nm MD 12 1.1 µm 100 nm

MD2 800 nm 85 nm MD13, MD14 1.35 µm 100 nm

MD3, MD5 600 nm 85 nm MD15, MD16 1.5 µm 100 nm

MD4,MD6 950 nm 85 nm MD17 500 nm 100 nm

MD7, MD8 850 nm 100 nm MD18 1 µm 100 nm

MD9, MD10 1 µm 100 nm MD19 80 nm 400 nm

MD11, 1.25 µm 100 nm MD20 80 nm 400 nm

4.4.2 Comparator and stop logic circuit

The comparator triggers the stop logic circuit when the voltage at the bottom electrode Vbe reaches

the required voltage corresponding to the resistive state. When the required resistive state is obtained,
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Figure 4.10: Power dissipation in reference voltage generator circuit
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Figure 4.11: Schematic for comparator circuit

the comparator must be precise enough to trigger the stop logic circuit. Fig. 4.11 shows the schematic

for the comparator circuit. We scaled the transistors appropriately such that the comparator works

for the voltage range of 0.7 V to 1.14 V , similar to the voltage range of the resistive states. Transistors

MC5 and MC6 form the current mirror circuit so that MC6 is a current source. Transistors MC1−
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MC4 form the differential pair. The parameters of the transistors used for the design are specified in

Table. 4.3.

To estimate the maximum power consumed by the comparator circuit, we apply all the possible

inputs to the comparator to measure the average power. As depicted in Fig. 4.12, we vary the input

reference voltage from 0.7 V to 1.14 V as required for the synaptic array. The power consumed by

the comparator circuit is 4.7 µW .

0 0.5 1 1.5 2 2.5

10
-7

0

0.5

1

s
to

p
_
c

0 0.5 1 1.5 2 2.5

10
-7

0

0.5

1

1.5

V
b

e
 (

V
)

0 0.5 1 1.5 2 2.5

10
-7

0.5

1

V
re

f
 (

V
)

0 0.5 1 1.5 2 2.5

Time (S) 10
-7

0

5

P
o

w
e
r 

(W
)

10
-5

Figure 4.12: Power dissipation in comparator circuit

Table 4.3: Comparator circuit parameters

Transistor Channel length Channel width Transistor Channel length Channel width

MC1 250 nm 100 nm MC4 350 nm 85 nm

MC2 560 nm 85 nm MC5 250 nm 85 nm

MC3 300 nm 100 nm MC6 500 nm 85 nm

The stop logic circuit is shown in Fig. 4.13. This circuit generates a signal stop update that

stops the RESET operation. To generate a stop update signal with a pulse width of 10 ns, we use

transistor ML9 as a capacitor, minimizing the area occupied by the CMOS circuits. Fig.4.14 shows
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the instantaneous power dissipated in the stop logic circuit. The average power dissipated is 1.7 µW ,

and the total energy consumption of the peripheral circuits is 3.3 pJ .
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Figure 4.13: Schematic for stop logic circuit
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Figure 4.14: Power dissipation in stop logic circuit

90

TH-3339_186102005



4.4 CMOS peripheral circuits

Table 4.4: Stop Logic circuit parameters

Transistor Channel length (nm) Channel width (nm)

ML1 400 80

ML2, ML3 200 80

ML9 300 150

ML4 200 80

ML5, ML7 500 80

ML6, ML8 250 80

4.4.3 RRAM current non-linearity

We know that non-linearity exists in the RRAM current. As shown in Fig. 4.15 (b), if the RRAM

resistance is chosen from HRS to LRS, it results in a non-linear RRAM current, producing the maxi-

mum RRAM current error as 3.9 µA. The non-linearity is minimized for a reliable RRAM operation

by lowering the RRAM resistance range. The error in the non-linear RRAM current can be reduced

to 1.8 µA, as seen in Fig. 4.15 (a). In the proposed architecture, we have reduced the error in the

RRAM current due to non-linearity by reducing the RRAM resistance range.
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4.5 Variation analysis

4.5.1 CMOS circuit variation analysis

The variation in CMOS peripheral circuits significantly impacts the proper programming of the

RRAM cell. Thus, checking the CMOS circuits for variation and mismatch is essential. Particularly,

the reference voltage generator must be as precise as possible for accurate programming of the RRAM

cell. We performed Monte Carlo and corner analysis of the CMOS peripheral circuits to evaluate the

effects of process variation and mismatch of CMOS transistors. Fig. 4.16-Fig. 4.19 depicts the mean

and the standard deviation for all the output voltages corresponding to the input of the reference

voltage generator. It can be observed from Table 4.5, the maximum error in the output voltage in the

presence of process variation and mismatch is 4.6%.

(a) (b) (c) (d)

Figure 4.16: Monte Carlo simulation for reference voltage generator (a) 0000 (b) 0001 (c) 0010 (d) 0011

(a) (b) (c) (d)

Figure 4.17: Monte Carlo simulation for reference voltage generator (a) 0100 (b) 0101 (c) 0110 (d) 0111

We perform process corner analysis for the stop logic circuit for all process corners, namely Typical

(Typ), Slow NMOS Slow PMOS (SS), Fast NMOS Fast PMOS (FF), Slow NMOS Fast PMOS (SNFP),

Fast NMOS Slow PMOS (FNSP). As depicted in Fig. 4.20, the stop logic circuit generates an output

pulse for all the corners indicating that the CMOS peripheral circuits can operate in the presence of

process variation and mismatch.
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(a) (b) (c) (d)

Figure 4.18: Monte Carlo simulation for reference voltage generator (a) 1000 (b) 1001 (c) 1010 (d) 1011

(a) (b) (c) (d)

Figure 4.19: Monte Carlo simulation for reference voltage generator (a) 1100 (b) 1101 (c) 1110 (d) 1111
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Figure 4.20: Output of stop logic circuit at process corners

Table 4.5: Variation in the reference voltage

Input Vref (V) Std Dev (V) Mean (V) % Error Input Vref (V) Std Dev (V) Mean (V) % Error

0000 0.7 29.634 m 702 m 4.2 1000 0.94 43.2 m 942.7 m 4.5

0001 0.734 30.87 m 732.8 m 4.21 1001 0.97 43.2 m 969.5 m 4.64

0010 0.76 31.6 m 759.7 m 4.1 1010 1 44.7 m 998.5 m 4.2

0011 0.79 33.5 m 791.2 m 4.2 1011 1.03 42.6 m 1.025 m 4.48

0100 0.82 36.74 m 821.3 m 4.47 1100 1.06 45.97 m 1.061 m 4.40

0101 0.85 37.5 m 853.4 m 4.4 1101 1.09 46.712 m 1.087 m 4.18

0110 0.88 41.4 m 887.6 m 4.6 1110 1.12 45.46 m 1.117 m 3.88

0100 0.91 40.87 m 910.62 m 4.49 1111 1.14 43.38 m 1.135 m 3.54
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4.5.2 RRAM variation and Noise analysis

The Unimore RRAM model includes the SET and RESET variability and random telegraph noise

(RTN) by adding a white Gaussian noise on the CF cross section and the barrier thickness during

SET and RESET events. To validate the functionality of the proposed synaptic array in the presence

of cycle-to-cycle and device-to-device variation, we first set the variation and simulation parameters

to achieve variations similar to the fabricated device [83]. Some of the variation and simulation

parameters adapted from [121] are shown in Table 4.6. Fig. 4.21 shows the probability distribution

for the LRS and HRS of the RRAM for 20 cycles.

Table 4.6: Parameters for the process variation

Variation parameter Name Unit

th set SET event detection threshold on the barrier derivative 10 nm/s

dx Maximum variation allowed on the barrier thickness (= 3σ) 0.9 nm

ds Maximum variation allowed on the CF cross section (= 3σ) 23 nm2

S0var CF cross section at which the measured ds is obtained 72 nm2

Fmax Maximum frequency of the noise for transient noise analysis 1300 Hz

ddt x clip th RESET event detection threshold on the barrier derivative 10−6 nm/s

The detailed calculation to obtain an average variation is shown in Table 4.7. As illustrated in Fig.

2.34, the mean and standard deviation for cycle-to-cycle variation during the HRS are 75 KΩ and

19.8 KΩ;, therefore, the percentage variation obtained is 26.5%. Similarly, the percentage variation

is calculated for cycle-to-cycle variation during LRS and device-to-device variation in HRS and LRS.

The average percentage variation is obtained as 22%.
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Figure 4.21: Resistance distribution for LRS and HRS
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Table 4.7: Percentage Variation in HRS and LRS

Variation type Resistance State Mean Standard Deviation % Variation

Cycle to Cycle variation HRS 75K 19.9K 26.5

Cycle to Cycle variation LRS 694 122 17.57

Device to Device variation HRS 73K 19.2K 26.28

Device to Device variation LRS 693 124 17.89

Average Variation 22 %

A single RRAM cell is programmed to evaluate the cycle-to-cycle variations, and this cycle is

repeated 20 times, as shown in Fig. 4.22 (a). Similarly, to study the effects of device-to-device

variations when several devices need to be programmed during the training, all the RRAM cells in

a row of the RRAM array are programmed as depicted in Fig. 4.22 (b). It can be observed in both

figures that despite the presence of cycle-to-cycle and device-to-device variations, the stop pulse is

generated only when a critical voltage at the bottom electrode (Vbe) is reached.
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Figure 4.22: Difference in Vbe and stop update signal timing due to (a)cycle-to-cycle variation (b) device-to-
device variation

The variation in the resistance of the RRAM cell is compensated by the time required to reach

the desired resistive state. This makes the architecture tolerant to cycle-to-cycle and device-to-device

variations in the RRAM. Fig. 4.7 depicts the stop update signal for all 16 states. The RESET process

is stopped at different values of Vbe; whereas in Fig. 4.22, the RESET process is stopped at the same

Vbe, but at a different time due to cycle-to-cycle and device-to-device variation in RRAM.

RRAM devices are known to have intrinsic random telegraph noise (RTN), which interferes with

the read current. Therefore, the effect of noise on the synapse should be analyzed. The current profile
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for RTN noise in RRAM is depicted in Fig. 4.23.

Figure 4.23: RTN noise current profile on RRAM

A comparison of RTN in the Unimore Verilog-A model with other state-of-the-art works is shown

in Table 4.8. Since the Unimore RRAM Verilog-A model targets to work at a high frequency, it

supports a pulsed SET and RESET operation at 10ns. Also, the input pulse applied to the neuron

and synapse cannot be less than 10ns; therefore, we did all the measurements at a pulse width of

10ns. It lies within the wide range of pulse width at which other state-of-the-art works operate. The

range of resistances over which RTN is observed is also comparable to the state-of-the-art works.

Table 4.8: Comparison of RTN

Pramameter [122] [123] [124] [125] Proposed work

HRS range 1MΩ− 5MΩ 3.7MΩ− 12MΩ − 30kΩ− 47kΩ 19.2kΩ− 75kΩ

LRS range 10Ω− 700kΩ 2kΩ− 12kΩ 20kΩ− 40kΩ 2.5kΩ− 75kΩ 122Ω− 694Ω

Applied voltage (V) 3 2 0.6 0.75 0.8

No of devices 5 2 100 − 10

Pulse width 50µs 22ns 1µs 0.5µs 10ns

“−” states unavailability of the data.

4.6 Power, Latency, Energy and Area estimation

� Power estimation

To estimate the maximum power dissipated in the RRAM array, we change the state of the

RRAM from HRS to LRS. Fig. 4.24 depicts the instantaneous power consumed in the RRAM

cell during RESET operation, which is realized using a 4T-1R cell.

Power = Power (reference voltage generator) + Power (comparator) + Power (stop logic) +

Power (4T-1R cell)
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Figure 4.24: Power dissipation in RRAM array

Power = 7.1 µW + 4.7 µW + 7.3 µW + 0.1 µW = 19.2 µW

Further, we estimate the power consumption of an RRAM array at the architecture level. In

the RRAM array, a single row is programmed at a time; thus, we program each row for the

maximum power dissipation (0000 to 1111) and take the average power. The power dissipated

at the architectural level is 213 µW .

� Latency estimation

As we know, the latency is the time when the RRAM RESET operation starts until the stop

pulse is generated to stop it, as shown in Fig. 4.6. Although the RRAM RESET stops after the

generation of a stop pulse, the weight change block gets disabled until the RRAM RESET stop

signal is disabled.

Therefore, we calculate the time till the end of the stop pulse to measure the latency of the

proposed synaptic architecture. This also indicates that the current weight change process is

complete, and the synapse can be programmed with a new weight. Since the state change from

LRS to HRS takes the maximum time, it is considered the worst-case latency of the proposed

architecture.
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Latency = time required to reset + settling time of the reference voltage generator + delay of

the comparator + delay of the stop signal generator + pulse width of the stop logic signal.

Latency = 0.98 µs + 10 ns + 4 ns + 3 ns + 10 ns

Latency = 1.07 µs

� Energy consumed per cell

To compare the results with other state-of-the-art designs, we calculated the energy required

for the change of RRAM state from HRS to LRS or LRS to HRS in a single cell. The energy

is estimated using Eq. 4.2, where VTE is the voltage across the RRAM cell, ITE is the current

through the RRAM, and T is the time required to program a single RRAM cell.

Energy = VTE × ITE × T (4.2)

We calculate the maximum energy dissipation in a single RRAM cell. The maximum energy is

consumed when the RRAM state changes from LRS to HRS or HRS to LRS. The time required

for the RESET operation is 1.07 µs, the voltage across the RRAM is VTE = 1.2 V , and the

average current through the RRAM during RESET operation is ITE = 0.09 µA; thus, the total

energy consumption per cell is 0.11 pJ .

� Area estimation

The layout of the proposed architecture is designed to estimate the area of the CMOS peripheral

circuits, as shown in Fig. 4.25. The area of the CMOS part of the architecture is 54 µm×44 µm.

4.7 Comparison with the contemporary architectures

Table 4.9 summarizes the proposed design and compares it to state-of-the-art synaptic architec-

tures. Most previous work is focused on the device level; our work is focused on circuit-level techniques

to achieve 4−bit/cell. A synaptic architecture with only 2−bit/cell is reported in [126], but it requires

a read operation after every write to check if RRAM is programmed correctly, increasing the latency.

The latency of the proposed architecture is 3.1× less than [127]. A 1T − 1R cell is proposed in [128].

Although fewer transistors are utilized, it is more prone to RRAM variation. Similarly, 2T − 1R and

4T −1R structures proposed in [129] and [130] provide multi-bit storage in a single cell, but the effects
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Figure 4.25: Layout for the CMOS part of the circuit.

of variation are not discussed. The proposed architecture is tolerant to 22% variation in RRAM cells,

which is closer to the variations observed in a fabricated RRAM.

Table 4.9: Comparison with contemporary architectures

Publication [84] [131] [127] [126] [132] Proposed work

Bit/cell 3-bit 3-bit 3-bit 2-bit 2-bit 4-bit

Programming mode ICset ICset Vreset ICset ICset Vreset

Array Size 8× 8 2 KB − 16× 16 (16.3 KB) Single cell 10× 10 (25.6 KB)

Energy/Cell 0.85 pJ 30 pJ 240 pJ − 65 pJ 0.11 pJ

Latency 3.39 µs 5 µs 3.1 µs 15 µs 2.5 ms 1.07 µs

Design level Device Device Device Circuit Device Circuit

“−” states unavailability of the data.

4.8 Summary

In this chapter, a continuous sensing, feedback, and stop RESET mechanism for accurately pro-

gramming the RRAM cell is presented. A 4T − 1R structure is used to enable SET and RESET

operations of the RRAM cell. Further, the numerical analysis exhibits that the proposed design works

reliably in the presence of 22% cycle-to-cycle and device-to-device variations. This proves the ro-

bustness of the proposed programming scheme. The latency of the maximum weight change, i.e., the

weight changing from LRS to HRS, is considered while evaluating the performance of the proposed

design. It ensures occurring of no extra delay while implementing large neural networks. The periph-

eral circuits in the proposed architecture are implemented using UMC 65 nm CMOS technology, and
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the overall power consumption is 213 µW . The energy consumption of the proposed design is at least

8.5× less than its nearest contemporary work available in the literature. The proposed design achieves

4− bit/cell, the highest among all the synapse implementations reported.
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5. Spiking Neural Network

5.1 Introduction

Nature has always influenced various engineering fields. For example, studies on the human visual

cortex system have inspired the development of deep convolution neural networks [133]. The work on

training CNNs proposed in [134] led to the development of many improved network architectures and

training techniques to develop deep networks with super-human level accuracy [135].

Along with the development of artificial neural networks, third-generation neural networks, also

called spiking neural networks (SNNs), have shown great potential to solve modern AI problems.

Similar to the time-based information encoding in the biological nerve cells, SNNs use precise timing

of the spikes transmitted between neurons. Since SNNs utilize neural dynamics and synaptic delays

to realize temporal dimensions, they successfully emulate the different spike-firing dynamics in the

brain [135].

In this chapter, an SNN employing the proposed RRAM-based I&F neuron and the programmable

synapse is presented. We focus on the problem of handwritten digit classification and use the Modified

National Institute of Standards and Technology (MNIST) dataset for training, using the unsupervised

STDP algorithm. Prior implementations of SNN for the MNIST dataset have shown 90.76% [136] ac-

curacy with a large number of 15000 output neurons compared to 10 output neurons used in the design

of the proposed SNN. Another contemporary work [137] reports 75.65% accuracy with a memristive

synapse; however, the synaptic array is not programmable, limiting the SNN to only one application.

In contrast, the proposed synapse is programmable, enabling it to be used for multiple applications

with slight changes in the architecture. The details of the proposed SNN are discussed below in the

subsequent sections.

5.2 SNN Training

To evaluate the performance of SNN incorporating the proposed RRAM-based neuron and the

synapse. First a two-later SNN is trained using Python [138]. As illustrated in Fig. 5.1, we design a

fully connected two-layer SNN to classify handwritten digits using the MNIST dataset. The size of

the images in the MNIST dataset is 28×28 pixels. Therefore, the network’s input layer consists of 784

neurons, and the output layer consists of 10 neurons, one for each digit to be classified. The MNIST

training dataset is divided into two parts: 50, 000 for training and the remaining 10, 000 for testing.

During training, all the 50, 000 images are presented once to the network in each training epoch.
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Figure 5.1: Spiking Neural Network

Before training the SNN, the static images are converted to spikes, similar to a biological neuron,

where the input excitations are transmitted as time domain pulses, and the frequency of the output

pulses is proportional to the input excitation. The biological neurons employ transformations, such

as population, phase, rate, and time-of-spike coding [139]. Similarly, the Gaussian receptive fields or

Poisson encoding directly converts the real-valued inputs to output spikes. As the dataset consists of

static images, we convert each grayscale pixel value in the range of 0 to 255 to output spikes over a

time of 150 ms. The firing rate of each pixel is given by Eq. 5.1, where FR is the firing rate, Rmax is

the maximum membrane potential, and RPmin is the minimum refractory period.

FR =


1

RPmin∗ RF
Rmax

if RF > 0

0 if RF ⩽ 0

 (5.1)

Spike Time Dependent Plasticity (STDP) is a learning algorithm widely used for training spiking

neural networks. It is an unsupervised learning algorithm that changes the weight between two neurons

based on the difference between the pre-synaptic spike and post-synaptic spike. For a given synapse,

the weight is increased if the post-synaptic spike occurs after a pre-synaptic spike, whereas the weight

is decreased if the post-synaptic spike occurs before a pre-synaptic spike.

wnew =

wold + σ∆w(wmax − wold) if ∆w > 0

wold + σ∆w(wold − wmin) if ∆w ≤ 0
(5.2)

The simplified STDP rule adapted from [140], [141] is illustrated in Eq. 5.2. Here, the weights
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lie between wmin and wmax, and the weight change rate σ controls the weight adaptation speed. The

change in weight ∆w is calculated using Eq. 5.3. Here, ∆t is the time difference between pre-synaptic

and post-synaptic spikes, A+ and A− are the constants for positive and negative ∆t values, and τ+

and τ− are the steepness time constants for the weight change in both the directions. The values of

all the parameters used for SNN implementation are shown in Table. 5.1.

∆w =


A−exp(∆t

τ−) if ∆t ≤ −2

0 if 2 < ∆t < −2

A+exp(∆t
τ+) if ∆t ≥ −2

(5.3)

Table 5.1: Parameters for SNN

Parameter Rmax RPmin wmax wmin A+ A− τ+ τ−
Value 50 −5.0 2 0 0.8 0.3 +10 −10

The spiking neural networks rely on the temporal information carried by spike trains and hence

require time tracking. A time unit block is utilized to keep track of time steps during training and

inference. Although the number of time units for every data sample is fixed to 150 ms in the training

and inference phases, the number of clocks required to process every image is adaptive. During

training, certain scenarios occur that need to be resolved carefully.

The first case is when fewer neurons are active in the first layer, the time unit employs fewer clocks.

In this case, the potential of all the neurons that are not in the refractory period and the spike count

is reduced, as depicted by Algorithm. 1.

Algorithm 1 No input, no output

1: procedure STDP
2: spike ← input spike
3: synapse ← value of the weight
4: time ← current time
5: potential ← membrane potential of the neuron
6: end ← total time units
7: while time ̸= end do
8: potential = potential - decay
9: time ← time + 1

10: end while
11: end procedure

Alternatively, it may also happen that at least one input neuron is active, but there is no activity

in the output layer. In this case, the potential of the output neurons is updated according to the
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corresponding synaptic weights, as shown in Algorithm. 2. This increases the neuron’s membrane

potential, producing spikes even if fewer input neurons are active.

Algorithm 2 Input, no output

1: procedure STDP
2: spike ← input spike
3: synapse ← value of the weight
4: time ← current time
5: potential ← membrane potential of the neuron
6: end ← total time units
7: while time ̸= end do
8: potential = potential + spike * weight
9: time ← time + 1

10: end while
11: end procedure

Finally, due to the reduction of the potential of the neurons, some spiking activity occurs in the

output layer resulting in weight change. The weight change mechanism is enabled only during the

training phase in which the synapses corresponding to the spiking output neuron are changed according

to the STDP rule stated in Algorithm. 3.

Algorithm 3 Input, output

1: procedure STDP
2: spike ← input spike
3: synapse ← value of the weight
4: time ← current time
5: potential ← membrane potential of the neuron
6: end ← total time units
7: while time ̸= end do
8: potential = potential + spike * weight
9: time ← time + 1

10: if the neuron first to fire then
11: Inhibit rest of the neurons
12: synapse ← synapse + synapse
13: end if
14: end while
15: end procedure

5.3 Low precision weight encoding

The SNN training in Python does not restrict the precision of the synaptic weight, but the RRAM

cells are limited to 4 − bits/cell. Various state-of-the-art works on neural networks have shown that

successful classification can be achieved with limited precision of data representation [139]. Therefore,
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to convert the trained weights to 4 − bit equivalent, we followed the methodology discussed in [139].

Since the synapse supports 4− bit/cell, we perform 4− bit quantization of the weights obtained from

training. Fig. 5.2 shows the distribution of the trained synaptic weights, where the mean of the trained

weight is µ = 1.15 and the standard deviation is σ = 0.135.

Figure 5.2: Distribution of trained weights

Following the approach discussed in [139], quantizing a selected range of 2σ from the mean value

of the trained weights is more effective than quantizing the entire range. Therefore, the weights are

clamped between [0,2] during learning, but while transferring the weights to the RRAM cells, the

trained weights are quantized in the range [0.88,1.42]. Table. 5.2 shows the trained weights and the

corresponding 4−bit digital weights obtained after quantization, which are used to program the RRAM

synapse.

Table 5.2: Normalised weight

Trained weight Digital equivalent Trained weight Digital equivalent

0.88− 0.91375 0000 1.15− 1.18375 1000

0.91375− 0.9475 0001 1.18375− 1.2175 1001

0.9475− 0.98125 0010 1.2175− 1.25125 1010

0.98125− 1.015 0011 1.25125− 1.285 1011

1.015− 1.04875 0100 1.285− 1.31875 1100

1.04875− 1.0825 0101 1.31875− 1.3525 1101

1.0825− 1.11625 0110 1.3525− 1.38625 1110

1.11625− 1.15 0111 1.38625− 1.42 1111
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5.4 Hardware network architecture

The proposed RRAM-based hardware architecture of SNN, implemented using the analog-mixed-

signal (AMS) environment, is illustrated in Fig. 5.3. The architecture can be divided into two sections,

the blocks shown in blue are implemented digitally using Verilog, and the blocks illustrated in red are

realized in analog. The digital-on-top approach enables the implementation of a test bench that can be

employed to read multiple files having pre-trained weights and input spikes. The proposed architecture

operates in two phases: the programming phase, where the RRAM-based synapses are programmed

for the corresponding trained weights, and the second phase is the inference, where images in the form

of input spikes are passed to the network.

Figure 5.3: AMS architecture for Spiking Neural Network

When the program signal is high, the Read weight block reads the trained weight one-by-one on

every rising edge of the clock. As shown in Algorithm. 4, during the programming phase, the count is

initialized to the number of synapses to be programmed (7840), and the RRAM-based synapses are

programmed to the corresponding trained weights when the program signal is active.

Since the synapses in the proposed SNN architecture are arranged in a 784 × 10 array, the

Array Selector is programmed to select RRAM cells column-wise, and the programming is per-
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Algorithm 4 Read weight block

1: procedure Read weight
2: Input pulse ← Spike encoded input image
3: weight ← Trained weight
4: weight out ← 4-bit weight
5: program ← Signal indicating program and inference
6: count ← Initialized to number of synapses
7: while count ̸= zero and program = 1 do
8: count = count− 1
9: weight out = weight

10: Reset en = 1
11: if count = 0 or program = 1 then
12: start inference
13: end if
14: end while
15: end procedure

formed starting from the synapses connected to neurons No0 to No9. As shown in Algorithm. 5,

every synapse in each column is programmed to the corresponding weight. The value of the counter

is decremented by 1 after programming each synapse. Every time the counter becomes 0, the column

signal is incremented by 1, and the counter is initialized to 784. When column = 10 and counter = 0,

it indicates that the programming of the synapses is complete, and inference can be initiated. Since the

maximum time required for programming the synapse, including the delay of the peripheral circuits,

is 1.07 µs, the clock width is set to 1.1 µs to allow proper programming of the RRAM cells.

Algorithm 5 Array Selector

1: procedure Array Selector
2: counter ← Initialized to 784
3: column ← Indicate the number of output neurons
4: while column ̸= 10 do
5: column = column+ 1
6: while counter ̸= 0 do
7: program each RRAM cell
8: counter = counter − 1
9: end while

10: if column = 10 then
11: stop programming
12: else
13: initialise counter to 784
14: end if
15: end while
16: end procedure

108

TH-3339_186102005



5.5 Benchmarking with Non-volatile memory-based SNN

Finally, the Synapse Update block controls the peripheral circuits for programming the synaptic

array. During the programming phase, it takes input from the Read weight block, and during the

inference phase, it reads the spike-encoded images and passes it to the input neurons connected

to the RRAM array. As shown in Fig. 5.3, the output of the Synapse Update block is connected

to the Reference V oltage Generator, Stop Logic, Array Selector, and the RRAM array. The

weights read by the Read weight block are converted to equivalent binary values and transferred

to the Reference V oltage Generator to produce equivalent analog values of the trained weight for

programming the RRAM cells. During the inference phase, the input images in the form of the

voltage pulse are passed through corresponding synapses, and the output of the corresponding neuron

is observed for the output spike. The output of the neurons is fed to 11− bit counters for keeping the

track of output neurons spikes, which helps to measure the accuracy. As illustrated in Algorithm. 6,

Reset en is activated only when the program signal is high and passes either the weights or the spikes

to the RRAM array, depending on the programming and inference phase. Fig. 5.4 shows the trained

weights for all 10 MNIST digits, and the confusion matrix obtained after inference for the test dataset

is shown in Table. 5.3.

Algorithm 6 Synapse Update block

1: procedure Synapse Update
2: inference ← Signal indicating program and inference
3: input pulse ← Spike encoded input image
4: Reset en ← Signal enables programming of the synapse
5: if program = 1 then
6: Reset en ← 1
7: pass binary weight to peripheral circuits
8: else
9: Reset en ← 0

10: read input spikes and pass it to the RRAM array
11: end if
12: end procedure

5.5 Benchmarking with Non-volatile memory-based SNN

The performance of the proposed SNN is compared with the contemporary works that incorporate

non-volatile memories to implement the synapse, as shown in Table. 5.4. To the best of our knowledge,

no state-of-the-art works have used a combination of RRAM-based neurons and synapses to realize

an SNN on hardware. We achieve an accuracy of 89% after mapping the trained weights to the
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(a) (b) (c) (d) (e) (f)

(g) (h) (i) (j)

Figure 5.4: Reconstructed weights for corresponding output neurons

Table 5.3: Confusion matrix

Actual Predicted 0 1 2 3 4 5 6 7 8 9

0 920 0 3 0 2 2 37 31 4 4
1 0 721 40 0 0 0 7 4 0 4
2 2 3 872 4 1 1 0 9 1 1
3 0 2 0 940 0 7 4 11 6 4
4 0 1 2 0 886 0 1 4 5 7
5 0 1 0 32 0 845 3 0 1 3
6 16 1 1 0 41 23 891 0 1 0
7 2 139 6 2 0 1 0 931 3 7
8 17 0 1 31 1 13 1 23 947 3
9 23 63 2 1 51 0 13 14 6 975

No Spike 0 204 105 0 0 0 1 1 0 1

Total 980 1135 1032 1010 982 892 958 1028 974 1009

conductance of the RRAM synapse. By employing a 4 − bit/cell synapse, the accuracy achieved is

comparable with [142], [143], [136], which use full precision digital neurons. Although the accuracy

of [136] is slightly more than the proposed architecture, the number of output neurons is much more

than the proposed architecture. Multiple parameters, such as the training algorithm and precise

synaptic programming, help achieve better accuracy. Moreover, the 4− bit/cell density leads to more

accuracy than [144], [145], where 1 − bit/cell synapses are used for synapse implementation. To

compare the energy consumed by the proposed SNN architecture with the contemporary works, the

energy consumed per synaptic operation of an RRAM array is calculated to be 3.3 pJ . The energy

consumption of all the I&F neurons and the peripheral circuits in all the columns of the proposed

architecture is 150 pJ , which is 16.6% less than [146].
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Table 5.4: Benchmarking with contemporary SNN implementations

Attributes Neuron Synapse Programmable bit/cell
Input-output Energy per

Accuracy
neuron synaptic event

This work RRAM-Based 1T-1R Yes 4− bit/cell 784− 10 150 pJ 89%

[142] Simulator Simulator Yes 32bit 784− 6400 − 94.8%

[143] Simulator Simulator Yes 32bit 784− 300 − 93.5%

[144] Digital 1T − 1R No 1− bit/cell 784− 50 − 75%

[145] Analog 9PCM No 1− bit/cell 784− 10 205 pJ 70%

[137] − 1 Memristor No − 784− 30 5 nJ 75.65%

[136] Analog 1RRAM No 1− bit/cell 784− 15000 − 90.76%

[146] Analog 1T-1R No 3− bit/cell 784− 10 180 pJ 84%

“−” states unavailability of the data.

5.6 Summary

This chapter presents a hardware implementation of a spiking neural network using RRAM-based

neurons and 4− bit/cell RRAM synapse. The proposed AMS architecture for SNN bridges the gap in

the state-of-the-art works focusing only on neuron design, synapse design, or SNN design. We show

the applicability of the proposed neuron and synapse in the realization of large neuromorphic systems.

We adopt the quantization method to map the full precision trained weights to the synapse’s limited

conductance levels and obtain a classification accuracy comparable to the contemporary hardware

implementations of SNN employing non-volatile memories for synapse implementation. The low energy

and lesser area make the proposed SNN a suitable candidate for realizing large-scale neuromorphic

systems.
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6.1 Conclusion

Developing low-power, large-scale neuromorphic systems for modern AI applications remains a

significant challenge. AI’s future growth depends on the optimization level that can be achieved at

the hardware on which the AI applications run. In this thesis, we present a possible direction to

develop low-power large-scale neuromorphic systems efficiently for the realization of AI applications.

For achieving the above-mentioned goal, a scalable, energy-efficient RRAM-based I&F neuron is

proposed in this thesis. The series combination employed for the spike generation results in low energy

consumption compared to the digital and analog implementation of I&F neurons. The performance

of the proposed neuron is analyzed in the presence of random telegraph noise, which is prominent in

RRAM devices and adversely affects the functionality of the peripheral circuits. The detailed analysis

shows that the proposed neuron produces reliable output spikes even in the presence of RTN.

The RRAM suffers from cycle-to-cycle and device-to-device variations. Therefore, the functionality

of the neuron is validated in the presence of these variations. Due to these variations, the switching

voltage of the RRAM changes, resulting in a change in the timing of the neuron spikes. However, the

spiking of the neuron indicates that the proposed circuit works satisfactorily even in the presence of

cycle-to-cycle and device-to-device variations.

Next, the corner analysis of the proposed neuron is performed. It is observed that the proposed

neuron behaves differently in all the corners, as expected. At the SS corner, the MOSFET in RRAM-

based I&F neuron has a higher threshold, which results in a delay in spike generation, whereas, in

the FF corner, the threshold of the MOSFET is reduced; hence the spikes are generated at a faster

rate.

Further, a programmable RRAM array is proposed by incorporating a 4T − 1R structure, which

helps reprogram the array and increases the scope of application of the proposed synaptic architecture.

Moreover, the area of the proposed synaptic array is optimized by sharing the transistors among the

rows and columns. The variability in the switching behaviour changes the voltage at which RRAM

switches the states from HRS to LRS or LRS to HRS, severely affecting the functionality of the

peripheral circuits. To address this issue, we propose an RRAM-based synaptic architecture with

continuous sensing and feedback scheme to stop RRAM programming when the required conductance is

achieved. The cycle-to-cycle and device-to-device variations analyses are conducted for the individual

CMOS circuit to analyze the robustness of the proposed architecture. Additionally, we perform the
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Monte Carlo analysis to study the effects of CMOS and RRAM variations at the architecture level to

analyze the reliability of the proposed architecture.

Moreover, nonlinearity is a major issue in RRAM-based synaptic architectures. With the proposed

circuit-level mechanism to program the RRAM-based synapse, a 4−bit/cell precision is achieved while

reducing the nonlinearity in the RRAM current by selecting the intermediate resistance states, lowering

the nonlinearities in the RRAM current.

Finally, we design a spiking neural network by employing the proposed RRAM-based I&F neuron

and synapse. The training of the SNN is performed using Python, and the weights are mapped to the

RRAM array. For transferring the weights to the RRAM-based synapse, we employ a standard quan-

tization method. For the proposed RRAM-based SNN, 89% accuracy is attained, which is comparable

to the contemporary works employing non-volatile memories for the synapse implementation.

6.2 Directions for future work

From the above-mentioned discussion, it can be observed that the thesis focuses on the design of

efficient neuron and synaptic circuits for large-scale neuromorphic systems. A few potential directions

to which the contribution of the thesis can be extended are discussed below.

� The successful demonstration of the proposed I&F neuron and the programmable synapse for

implementing SNN shows that the proposed circuits can be employed efficiently for the devel-

opment of large-scale neuromorphic systems.

� Since the proposed architecture is programmable, it can be easily employed to implement on-chip

training. The off-chip training requires transmitting huge data and model parameters between

the cloud and the edge devices, which is hard to deploy in complex environments while protecting

the privacy of IoT applications. If on-chip training is performed, it would eliminate the need for

large data transfers and improve accuracy.

� RRAM-based arrays are also vulnerable to transient faults, also called soft errors. These errors

occur due to high-energy particle strikes, resulting in bit flips at the hardware layer. These

errors can change the weight values and neuron operations to some extent, adversely affecting

the neural networks, leading to incorrect outputs and the degradation of accuracy. These non-

idealities can be reduced but cannot be diminished at the device or circuit level; hence should
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be considered while designing the training algorithms and programming techniques to make the

RRAM-based array architectures more robust. The RRAM programming mechanism in the

proposed architecture can be effectively explored to resolve the transient faults.

� Moreover, to achieve a high on/off resistance ratio, a high negative voltage is applied across the

RRAM devices, which results in stuck-at-short faults. Since the current through the RRAM is

the product of the applied voltage and the conductance of the RRAM, the stuck-at-short faults

can have adverse effects on the reading process. The proposed RRAM programming mechanism

can be used to identify such faults and take precautionary measures to avoid erroneous outputs.

� Furthermore, he proposed RRAM architecture can be employed to implement in-memory com-

puting architectures and AI accelerators for implementing deep neural networks with lower

resource consumption. In addition to this, an I/O interface can be developed so that the RRAM-

based arrays can be easily interfaced with the processors. This would significantly reduce the

power consumption of the processors designed for AI applications.

� Finally, A programmable architecture and circuit-level blocks can be developed to train the

network for different datasets. The design space exploration can be done within the network to

further reduce the overall system’s area and power. Also, as there is still scope in the current

architecture to improve the accuracy, optimizing the current training algorithm and developing a

programmable architecture to train different datasets would go a long way in developing versatile

neuromorphic hardware.
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[38] Ş. Mihalaş and E. Niebur, “A generalized linear integrate-and-fire neural model produces diverse spiking
behaviors,” Neural computation, vol. 21, no. 3, pp. 704–718, 2009.

[39] S. A. Aamir, P. Müller, A. Hartel, J. Schemmel, and K. Meier, “A highly tunable 65-nm cmos lif neuron for
a large scale neuromorphic system,” in ESSCIRC Conference 2016: 42nd European Solid-State Circuits
Conference. IEEE, 2016, pp. 71–74.

[40] J. Bragg, E. Brown, P. Hasler, and S. DeWeerth, “A silicon model of an adapting motoneuron,” in 2002
IEEE International Symposium on Circuits and Systems. Proceedings (Cat. No.02CH37353), vol. 4, 2002,
pp. IV–IV.

[41] C. Yajie, S. Hall, M. Liam, O. Buiu, and K. Peter, “Analog spiking neuron with charge-coupled synapses,”
Lecture Notes in Engineering and Computer Science, vol. 2165, 07 2007.

[42] F. Folowosele, A. Harrison, A. Cassidy, A. G. Andreou, R. Etienne-Cummings, S. Mihalas, E. Niebur,
and T. J. Hamilton, “A switched capacitor implementation of the generalized linear integrate-and-fire
neuron,” in 2009 IEEE International Symposium on Circuits and Systems (ISCAS), 2009, pp. 2149–2152.

[43] L. Ming-Ze, P.-W. Po, T. Kea-Tiong, and F. Wai-Chi, “Multi-input silicon neuron with weighting adap-
tation,” in 2009 IEEE/NIH Life Science Systems and Applications Workshop, 2009, pp. 194–197.

[44] V. Kornijcuk, H. Lim, J. Y. Seok, G. Kim, S. K. Kim, I. Kim, B. J. Choi, and D. S. Jeong, “Leaky
integrate-and-fire neuron circuit based on floating-gate integrator,” Frontiers in Neuroscience, vol. 10,
2016. [Online]. Available: https://www.frontiersin.org/articles/10.3389/fnins.2016.00212

[45] W. Jayawan and D. Piotr, “Compact silicon neuron circuit with spiking and bursting behaviour,” Neural
Networks, vol. 21, no. 2, pp. 524–534, 2008, advances in Neural Networks Research: IJCNN ’07. [Online].
Available: https://www.sciencedirect.com/science/article/pii/S0893608007002705

[46] T. Dalgaty, M. Payvand, B. De Salvo, J. Casas, G. Lama, E. Nowak, G. Indiveri, and E. Vianello,
“Hybrid cmos-rram neurons with intrinsic plasticity,” in 2019 IEEE International Symposium on Circuits
and Systems (ISCAS), 2019, pp. 1–5.

[47] P. Wijesinghe, A. Ankit, A. Sengupta, and K. Roy, “An all-memristor deep spiking neural computing
system: A step toward realizing the low-power stochastic brain,” IEEE Transactions on Emerging Topics
in Computational Intelligence, vol. 2, no. 5, pp. 345–358, 2018.

[48] B. Ahmet and H.-H. Sotoudeh, “The design of a new spiking neuron using dual work function
silicon nanowire transistors,” Nanotechnology, vol. 18, no. 9, p. 095201, jan 2007. [Online]. Available:
https://dx.doi.org/10.1088/0957-4484/18/9/095201

[49] A. Bindal and H. S, “An integrate and fire spiking neuron using silicon nano-wire technology,” TechConnect
Briefs, vol. 1, pp. 173–176, 01 2007.

[50] K. K. C L Chen, “A spiking neuron circuit based on a carbon nanotube transistor,” in Nanotechnology,
2012.

[51] G. Palma, M. Suri, D. Querlioz, E. Vianello, and B. De Salvo, “Stochastic neuron design using conductive
bridge ram,” in 2013 IEEE/ACM International Symposium on Nanoscale Architectures (NANOARCH),
2013, pp. 95–100.

119

TH-3339_186102005

https://www.sciencedirect.com/science/article/pii/S0893608001000545
https://www.sciencedirect.com/science/article/pii/S0893608097000117
https://www.sciencedirect.com/science/article/pii/S0893608097000117
https://www.frontiersin.org/articles/10.3389/fnins.2016.00212
https://www.sciencedirect.com/science/article/pii/S0893608007002705
https://dx.doi.org/10.1088/0957-4484/18/9/095201


BIBLIOGRAPHY

[52] B. Rajendran, A. Sebastian, M. Schmuker, N. Srinivasa, and E. Eleftheriou, “Low-power neuromorphic
hardware for signal processing applications: A review of architectural and system-level design approaches,”
IEEE Signal Processing Magazine, vol. 36, no. 6, pp. 97–110, Nov 2019.

[53] J.Schemmel, “A wafer-scale neuromorphic hardware system for large scale neural modeling,” In Proc.
IEEE International Symposium on Circuits and Systems (ISCAS), 2010.

[54] T. C. Sudhof, “Calcium control of neurotransmitter release,” Cold Spring Harb Perspect Biol, vol. 4, no. 1,
2012.
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