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Experimental Demonstration of RRAM-based Computational Cells for
Reconfigurable Mixed-Signal Neuro-Inspired Circuits and Systems

by Georgios Papandroulidakis

Modern electronics drive a shift from distributed, cloud and/or mainframe comput-
ing towards the ‘edge’. To realise this vision, we need access to hardware technologies
that are both energy and scale efficient. During the last decade, the introduction of
Resistive Random Access Memory (RRAM), also known as memristors, has fuelled in-
terest in extending conventional circuits’ capabilities. Specifically, their capacity to act
as scalable, non-volatile, finely tuneable, electrically programmable resistive elements
render them promising candidates for future computer architectures. RRAM technolo-
gies have been considered by many as a promising candidate for implementing recon-
figurable neuro-inspired circuits and systems capable of processing data in both digital
and analogue formats. Presently, there is no extensive study of the behaviour of such
circuits when realised physically with real RRAM devices. Hence, there are ample
opportunities for developing novel electronic circuits for reconfigurable mixed-signal
data processors in silico.

This thesis explores the design, implementation and testing of in-silico data proces-
sors capable of mapping data from one information domain to another and enabling
a mixed-signal data processing. Through this research, I am introducing RRAM-based
circuit designs operationally validated through simulations with state-of-art RRAM de-
vice model and then practically implemented proof-of-concept designs of these hybrid
RRAM-CMOS circuits on hardware. The hardware implementation and testing of low-
complexity primitive RRAM-based circuits that can process information in the ana-
logue domain due to the introduction of programmable RRAM devices is the main con-
tributions through this project. In this work, findings are presented regarding the im-
plementation and testing in hardware of a RRAM-based primitive Multiply-Accumulate
circuit, RRAM-enhanced Threshold Logic Gate design and as well as larger circuits on
these primitive circuits that are easily integrated into RRAM-based In-Memory Com-
puting (IMC) and Near-Memory Computing (NMC) architectures.

http://www.southampton.ac.uk
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3.1 Map of different primitive RRAM-based circuit configurations of ele-
ments introducing a hard switch/selection (i.e. MOSFET devices) and
elements introducing a continuous value of contributions (i.e. RRAM
devices). Additional hard-threshold circuits (such as CMOS-based in-
verters and latching elements) can be used to binarise an output signal
generated by the hybrid RRAM-MOSFET circuits. By enabling small dif-
ferences in the circuit configuration and circuit control scheme a variety
of reconfigurable circuits can be designed that will be fitted towards re-
ceiving inputs and emitting outputs in our choice of analogue or digi-
tal format. Given the analogue nature of RRAM devices operation and
behaviour, the main computation (i.e. MAC operations) is always per-
formed in the analogue domain. The implementation that connects the
same signal domain is considered as non-Converting Logic (non-CL),
while the circuits that bridge different signal domains are considered as
Converting Logic (CL) gates. In the map, the non-CL circuits are denoted
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put value. The input digital word can be considered as a train of digital
spikes send as stimulus to the hybrid RRAM-CMOS associative mem-
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circuits. The output being could be stored in a integrating capacitor to
retain the information-rich analogue signal. The heteroassociative mem-
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of the 1T1R memory arrays, thus the number of 1T1R component for the
pull-up and/or the pull-down network. Furthermore, this circuit can
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RRAM-based crossbar memory topology), thus it can easily be incorpo-
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3.3 Block diagram of the setup for the hardware experimental measurements.
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side the circuit under test other smaller accompanying boards (e.g. volt-
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RRAM devices, as shown by Stathopoulos et al. (2017). In Fig. 3.6a
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and I21, I22 for the pull-down components. The pull-up 1T1R network is
using pMOS devices, thus the high logic ’1’ and low logic ’0’ denotes a
non-conductive and conductive transistor states, respectively, 1T1R. In
Fig 3.6b, the circuit response (VAnalogueOut) for all the different configu-
ration vectors of the control signals (I11, I12, I13, I21 and I22) are shown
under 400mV, 600mV and 800mV power supply voltages. In Fig 3.6c, the
response for 800mV power supply is rearranged into an analogue volt-
age output (VAnalogueOut) versus digital vector input map (signals I11 I12
I13 - I21 I22 are encoded into a digital control word displayed along the
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3.7 Graph exhibiting the results from the second experiment. In this case
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508kΩ, 534kΩ, 539kΩ) and 1 pull-down biasing component (PD: 330kΩ)
using Pt/TiOx/AlOx/Pt devices, as exhibited by Stathopoulos et al.
(2017), was implemented and measured. The same configuration is used
for the simulation of the circuit in Cadence Virtuoso Spectre environ-
ment towards comparing the response of the circuit using real devices
and simulated device models. For the MOSFET models, I used a com-
mercially available 65nm technology node library. The RRAM device
models are based on the Messaris et al. (2018) and the RRAM model
instances are fitted based on the same devices used for the practical cir-
cuit implementation. The black trace is the experimentally measured
response while the purple line is the simulated circuit response. The
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a specific digital input word to a specific RC-delay value which is then
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together in the VGT global trigger connection for a comparison between
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3.9 Schematic of the proof-of-concept Winner-Take-All (WTA) system that
was simulated (using Cadence’s Virtuoso Spectre) in this work. The
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3.10 The results of the Winner-Take-All (WTA) network are showcased in this
figure. The results are based on the example 3-neuron circuits presented
in Fig. 3.9. The waveforms for the latch outputs (VLO1, VLO2 and VLO2),
that comprise the classification word encoding of the WTA lateral net-
work state, the neuron output (VNO1, VNO2 and VNO3) that feeds into the
WTA classification system during the evaluation phase, as well as the
control signals that enable the cycles of operation for the presented net-
work (VSTRB, VGT, VIN). The VIN is encoded into a hexadecimal value
representing the input vector Vin1−12 controlling the pull-up 1T1R net-
work used for this example. The connectivity of the VIN vector is shown
in Fig. 3.9. The artificial neurons (see Fig. 3.9) were based on multiple in-
stances of the extracted RRAM models as described in Section III.A (see
Table 3.1). The simulation was performed in Cadence’s Virtuoso Spectre
using a commercially available 65nm technology node for the transistor
devices. It can be clearly shown that when a winning node is evaluated
by the WTA by observing the VGT signal. Distinct coloured shading has
been added to highlight when one neuron is winning over the rest. . . . 63

3.11 In this figure, a focused analysis of the WTA operation cycle is show-
cased. The red traces (VNO1, VNO2 and VNO3) showcase the outputs of the
3 artificial neurons while the blue traces (VLO1, VLO2 and VLO3) showcase
the latches output (winning node is the node with latch output at logic
’0’). The green traces are the signals controlling the operation cycle of the
WTA. The VRST initialise the system when set to high (logic ’1’) and the
VSTRB is the signal controlling the power gates of the artificial neuron.
The VGT is low when the WTA is initialised/evaluating and high when
the winning neurons has been evaluated. A single period of operation
(defined by VRST) is 10ns from this proof-of-concept example and the
classification operation requires top= 1ns. The voltage racing operation
of the circuit can be highlighted from the artificial neurons outputs that
before the winning neuron is found all the traces are racing to the top but
the fastest one is locking the latches to an one-hot encoded digital word. 64

3.12 Schematic of the proposed Winner-Take-All (WTA) circuit in (a) and its
adaptation (b) for enabling the implementation of a programmable clas-
sification circuit. In (a), the MAC circuit is connected through the VNOut
node to a half-latch-based circuit that is based on the implementation
presented by Wu et al. (2017) as shown in Fig. 3.8 and Fig. 3.9. In (b), the
WTA part of the neuron model can be implemented by connecting/dis-
connecting appropriate pMOS and nMOS MOSFET devices of a CMOS
full latch, similar to the main sensor component used in differential TLG
designs, as discussed in Chapter 2, as shown by Papandroulidakis et al.
(2018); Dara et al. (2017); Mozaffari and Tragoudas (2018). Thus, the de-
sign employed here shows compatibility with some RRAM-based TLG
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4.1 Example of the forming process applied to pristine RRAM devices. The
Forming (V) signal is the stimulus to the RRAM device and the Resistance
(MOhm) signal is the resistance progression read of the device under
test. A staircase-like train of pulse of increasing voltage amplitude is
applied to the RRAM device. In this example, three phases of program-
ming staircase-like pulses from 1V to 3V are applied. At the end of the
third phase the resistance of the RRAM device under test has been set to
approximate 200kΩ. This process is theorised that changes the geome-
try of the RRAM devices towards enabling it to form conduction paths
that are necessary for the correct operation of the RRAM which includes
the programming to different states. The details of the RRAM mechanics
and chemistry is out of scope of this thesis and more information can be
found in the work of Stathopoulos et al. (2017); Michalas et al. (2017). . . 77

4.2 Automated programming testing can also be employed to map the RRAM
programming behaviour between resistance states. The Programming(V)
signal is the stimulus to the RRAM device and the Resistance(MOhm)
signal is the resistance progression read of the device under test. This
process can test the endurance and stability of the switching operation
between two or more resistive states and how reproducible is the switch-
ing before a large enough state drift occurs that requires correction. Pro-
gramming voltage pulses of different amplitude and duration are ap-
plied to the device towards setting the device to an appropriate resis-
tance level as dictated by requirements of the experiment. Reading pulses
are also applied usually in low amplitude range of 200-500mV (Reading(V),
Reading signal) towards avoiding unwanted programming during the
reading operation. Through the reading pulsed I am performing the ap-
propriate testing the programmed resistance value. More information
regarding the process of setting up an automated process for program-
ming and testing a RRAM device are showcased by Serb et al. (2014,
2015); Messaris et al. (2018). . . . . . . . . . . . . . . . . . . . . . . . . . . 78
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4.3 Example of detailed RRAM device response mapping for a specific range
of input stimulus. The Reading(V) signal is the stimulus to the RRAM
device and the Resistance(MOhm) signal is the resistance progression
read of the device under test. This process is followed during the pa-
rameter extraction of the devices that is used in order to create unique
instances of the Verilog-A RRAM model, as discussed by Messaris et al.
(2018). The process includes the continued pulsing of the RRAM device
under test with a specific voltage amplitude thus testing the endurance
of the device to retain the specific resistive state under the stress of the
stimulus (state drift test). Afterwards, a full current-voltage character-
istic graph is created for a specific range of voltages to test the non-
linearity of the device under test. The process is sequentially repeated
for a predefined set of voltage amplitudes similarly to what is shown in
this example. The detailed process is discussed by Messaris et al. (2018).
Since the experiments and simulations performed in this thesis are fo-
cused around the program-once-read-many operation, the devices at this
stage of the characterisation process are tested for the non-switching part
of their response. This is usually found in the range of 0V to approxi-
mately 1V. Hence, for this range of voltage stimulus the devices under
test do not exhibit any unwanted resistive state alteration and instead
keep relatively stable the state in which they were programmed to in
previous steps of the characterisation and preparation for employment
process. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

4.4 Schematic of a RRAM-based differential current mode TLG design. The
specific design implemented and tested in this chapter is also referred to
as RRAM-based Current Mode Threshold Logic Gate (MCMTLG). The
two basic parts of design are the RRAM-based 1T1R array performing
a dot-product multiplication between the RRAM memory contents (re-
sistive memory state also referred to as memristance, i.e. memory resis-
tance) and the binary input vector controlling the accompanying pMOS
MOSFET device, and the sensor determining which 1T1R array outputs
greater current. Further details for the differential TLG design can be
found in Chapter 2. The canonical (CA) and complementary (CO) circuit
nodes are the output nodes during the evaluation phase while they are
connected to the differential 1T1R arrays (thus the output of the MAC
operations are used as input to the sense amplifier). The outputs are
available during the evaluation phase when the differential current flows
have been compared and a final stable state of the sensor part has been
obtained. The clock signal (CLK) and the complementary clock signal
(CLK’) are controlling the sensor’s power gate and the equalisation cir-
cuit, respectively. Hence, the CLK signal defines the transition between
the two TLG operation phases, equalisation (reset) and evaluation (set). 83
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4.5 Concept-level figures highlighting the space separation performed by
TLGs and the programming capability of the threshold. (a), (b) Indica-
tive 2D input space splitting performed by the 2-input RRAM-based TLG
design, for the NAND case (a) and the NOR case (b) respectively. (c) LT-
Spice simulation of this TLG design shown in Fig. 4.4 using resistors
instead of RRAM devices. Changing the threshold weight alters the de-
cision boundary of the classification operation performed in the TLG.
Each weight configurations denoted on the side of each case, in the form
of a, b: c, in units of MΩ, where a, b are the weights mapped in the in-
put array and c is the threshold/bias resistive weight which defines the
classification boundary. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 87

4.6 The circuit schematic and the measured response of the practically im-
plemented 2-input RRAM-based TLG configuration. (a) Circuit schematic
of the practically implemented RRAM-based TLG design showcased here
(also referred to as RRAM-based Current Mode Threshold Logic Gate
(MCMTLG)). (b) Measurements taken from an experimental implemen-
tation of a RRAM-based TLG configuration showcasing NAND func-
tionality, thus an appropriate RRAM-based weight configuration used
for mapping AND/NAND logic function. (c) Similarly to the previ-
ous case a different RRAM-based weight configuration showcase a NOR
functionality as measured from the CO output of the RRAM-based TLG
configured to map OR/NOR logic function. (d, e) The 2-input digital
input vector signals are showcased. (f) The clock signal controlling the
equalisation/evaluation phases. Regarding the RRAM weight configu-
rations, I employed the following sets in the experimental hardware im-
plementation:M1, M2; TH = 60.5kΩ, 60kΩ 33kΩ 33kΩ, 18.3kΩ 41.7kΩ
for the AND/NAND function and OR/NOR function, respectively. Due
to the use of pMOS devices as the accompanying MOSFET device for the
1T1R differential arrays, the HIGH and LOW voltage level, of the input
vector, corresponds to non-conductive and conductive MOSFET device,
respectively. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 88

4.7 Experimental measurement of the RRAM-based TLG under test. In this
example, the TLG configuration classifies a 2-input vector, thus 2 1T1R
composite components are employed from the input array. By using ana-
logue inputs (ramps from 0V to 1.2V per input) a clearer map of the cir-
cuit response is created. Four different cases are presented in this exper-
iment, mapping every possible TL Boolean function. (a) AND TLG (M1,
M2 ¿ TH and M1——M2 ¡ TH), (b) OR (M1, M2 ¡ TH), (c) OUT = IN1 (M1
¡ TH, M2 ¿ TH) and (d) OUT = IN2 (M1 ¿ TH, M2 ¡ TH). The memory
configurations for each case of the experiment is set as follows: AND
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Chapter 1

Introduction

1.1 Motivation

In recent years, hardware technologies are moving away from older methods of com-
puting, such as mainframe computing, and instead are focusing on the new era of
highly distributed computing, also known as edge computing. Towards materialis-
ing the added requirements for edge computing new design methodologies need to
be found, methodologies that are both energy and scale-efficient. At the same time, in
order to accommodate system designs capable of performing a variety of data process-
ing applications efficiently, modern electronic systems are often required to be recon-
figurable. Metal Oxide Semiconductor Field Effect Transistors (MOSFETs) and Com-
plementary Metal-Oxide Semiconductor (CMOS) technologies cannot alone deal with
the increasing computing needs of modern systems and thus potential solutions are
sought in hybrid systems incorporating emerging technologies in computer architec-
ture design, as discussed by Hamdioui et al. (2016). Towards accelerating comput-
ing, a few important operations have been selected as the main computationally prim-
itive computing operations that complex algorithms and applications can be ”disinte-
grated” into, as discussed by Serb et al. (2018a). The observation that most computing-
demanding algorithms can be decomposed into a large number of fundamental opera-
tions, such as multiplication, accumulation, comparison etc., drove the need to design
specialised hardware towards accelerating these specific operations, with examples
shown by Huang et al. (2016); Carlson et al. (2014); Shafiee et al. (2016), which resulted
in the acceleration of larger systems and computer architectures that base their opera-
tion in these fundamental computing tasks. Through accumulated research effort, find-
ings suggest that computational concepts from the biological neural networks can be
adapted into artificial neuro-inspired circuits with positive results in the acceleration of
fundamental computer arithmetic and logic operations, as showcased by Ielmini and
Wong (2018). Many such neuro-inspired computing circuits and systems showcased
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that massively parallel computing structures and networks of simple computing com-
ponents can be an important design paradigm for approaching accelerator designs as
suggested by many researchers including the work by Furber (2016); Indiveri and Liu
(2015).

Most of the neuro-inspired circuits and systems suggested over the years are based on
conventional MOSFET and CMOS technologies that defined computers for more than
40 years. One of the earliest examples that showcases a simplified Artificial Neural
Networks (ANNs) fitted for computer logic can be found in the work of McCulloch and
Pitts (1943) where the concepts of the primitive perceptron circuit and perceptron-based
networks were introduced. More recent implementations suggest artificial synapse-
neuron circuits (the basic computing node of ANNs) with analogue output with some
relevant examples including the results showcased by Anderson et al. (1992); Mead
and Allen (1991); Douglas et al. (1995); Indiveri (2001); Indiveri et al. (2006). One family
of primitive circuits for MAC, the neuro-inspired artificial neuron category of circuits,
has been evolved over the last few decades to become one of the most important hard-
ware solutions to perform massively parallel digital or analogue Multiply-Accumulate
(MAC) operations, a cornerstone arithmetic operation highlighted by Indiveri et al.
(2011); Indiveri and Liu (2015); Payvand et al. (2018); Dara et al. (2013); Bobba and Hajj
(2000); Papandroulidakis et al. (2018).

Towards building better hardware accelerators for edge computing, that can process
data in a massively parallel manner, new computing methodologies have been devel-
oped, i.e. the design concepts showcased by Kang and Shanbhag (2016); Zhu et al.
(2013); Zhang et al. (2020b); Gallo et al. (2017). In recent years, the development of
novel big data hardware accelerators has been extensively studied, e.g. by Santoro et al.
(2019); Jeloka et al. (2016); Gonugondla et al. (2018), and led to the rise of the modern
post-von Neumann design paradigm known as In-Memory Computing (IMC). IMC is
based on the use of memory systems that can simultaneously be employed as process-
ing units (for processing data in place). In such systems, specific logic functions can
be performed with the data stored inside the same memory enabling a logic and mem-
ory co-location computing concept to be realised. The fundamental concept of IMC is
based on the memory and logic co-location circuits, another neuro-inspired technique
discussed by many researchers including Seshadri et al. (2017); Li et al. (2017); Kim
et al. (2018); Yin and Jiang (2020).

Recent breakthroughs indicate that some emerging technologies can be used along-
side conventional MOSFET/CMOS-based circuits towards providing new capabilities
in computing systems, e.g. as suggested by Serb et al. (2017); Bayat et al. (2018); Da-
nial et al. (2018, 2019). More specifically, advances in emerging memory technologies
introduce a new component for future computer circuit design. Memristor (abbrevia-
tion from memory-resistor) devices, also known as Resistive Random Access Memory
(RRAM), are two-terminal, tuneable, non-volatile, nanoscale resistive memory devices.
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RRAM has many traits over conventional memory, such as the capability to store multi-
bit information per single device, e.g. as shown by Stathopoulos et al. (2017); Sebastian
et al. (2018, 2020). Additionally, as highlighted by Sebastian et al. (2020); Zhang et al.
(2020b) and other researchers, RRAM can be integrated to implement computationally-
capable memory-based systems with low power consumption, an important advantage
for large MAC-based ANN systems implemented as edge computing solutions.

Given the numerous advantages of RRAM device technologies, much effort has been
dedicated to the design of novel post von Neumann computer systems, with some ex-
amples shown by Dastanova et al. (2018); Kvatinsky et al. (2012); Papandroulidakis
et al. (2017, 2018). The usage of memory-centric topologies (such as crossbar arrays),
as suggested by Zha and Li (2017); Chakrabarti et al. (2017), can provide a very effi-
cient topological organisation of memristor devices and thus memristor circuits that
can be employed to accelerate MAC operations. Towards covering all the requirements
for a new generation of accelerators for big data processing and solve the limitations
conventional technologies impose, highlighted by Mutlu et al. (2015), hardware solu-
tions that employ memristors/RRAM devices have been used to develop novel IMC
systems. As shown by Zha and Li (2017), hybrid RRAM-enhanced IMC systems can
be employed to better capture the basic principles of biological neural-systems for in
silico implementations that are capable of performing low-power logic operations in-
side a memory architecture. This can result in novel systems that showcase competi-
tive traits against conventional accelerator designs. The advent of emerging memory
technologies, such as memristor/RRAM, provided new opportunities to develop nano-
electronic programmable logic fabric that is power and area efficient, with similar hy-
brid IMC-based concepts being tested, for example, by Hu et al. (2016b); Kumar Maan
et al. (2016); Zha and Li (2017); Chakrabarti et al. (2017).

Naturally, as presented by Ielmini and Wong (2018); Serb et al. (2018b), with the advent
of RRAM devices there has been a great interest in novel circuits designs that attempt
to introduce solutions inspired by biological neural networks, i.e. using RRAM de-
vices to emulate biological synapses in hardware ANNs. To that end, emerging mem-
ory technologies, including RRAM, is considered a catalyst for implementing analogue
programmable inference engines by efficiently emulating synaptic weights as well as
initiating a next generation of analogue and mixed-signal computer architectures at the
nano-scale, for example, novel computing systems such as the one showcased by Gallo
et al. (2017). Hence, it is envisioned that RRAM-based (also mentioned as memristive)
inference engines can be used for performing analogue or mixed-signal reconfigurable
classification operations in silico. This can in principle be achieved via arbitrarily shap-
ing the classification decision boundary of perceptron units through tuning individual
memristive states, as shown by Serb et al. (2018a). Logic-wise, this means that it is pos-
sible to design circuit concepts that are applicable for dealing with both analogue and
digital signal processing modes. Presently, there is no extensive study of the behaviour
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of classification circuits realised physically with state-of-art memristor devices, provid-
ing ample opportunities for a PhD programme in this area that can contribute to the
aforementioned needs of modern electronics.

1.2 Research Aims

The aim of this PhD is to build a RRAM-enhanced reconfigurable computing system
capable of performing neuro-inspired primitive classification operations. For this pur-
pose, I am following the main principles of IMC design paradigms towards being ca-
pable of integrating the RRAM and CMOS technologies into novel IMC circuits and
system that are still compatible with the general existing accelerator design methodol-
ogy. The main concept studied, explored and then materialised through hardware ex-
perimental proof-of-concept implementations and additional simulations in this thesis
is the design of primitive circuits capable of fundamental computer operations such as
multiplication, comparison, classification etc. aimed for integration into IMC architec-
tures. The systems employ the naturally analogue RRAM technology, as discussed and
presented by Stathopoulos et al. (2017); Sebastian et al. (2020); Ielmini and Wong (2018),
to increase the benefits of IMC-related circuit in performing reconfigurable mixed-
signal logic operations, with the main part of the computing being performed in the
analogue domain and the inputs and/or outputs being digital. The bigger picture is
the implementation of a reconfigurable sea-of-gates system, centred around a RRAM-
based memory system, where each memory-based gate is based on the aforementioned
functionality of programmable converting logic, an important step towards future field
programmable mixed-signal arrays.

The main concept investigated in this work is the neuro-inspired concept of mem-
ory and logic co-location computing which is the baseline concept for the area of in-
memory computing (IMC). The main objective is to physically implement and test re-
configurable RRAM-based hybrid primitive circuits that base their operation in low-
complexity but powerful computing operation. The main goal of this thesis is the in-
troduction of novel IMC circuits and systems for implementing low-complexity funda-
mental logic operations, such as multiply and accumulate (MAC) and analogue com-
parison operations. I am testing the functionality of the proposed designs through
the practical implementations of the circuits using real RRAM devices alongside dis-
crete conventional electronic devices and circuits. Through these implementations I am
showcasing the capabilities of the specific RRAM technology under test in primitive
neuro-inspired circuits, thus extrapolating the computational capabilities of building
larger systems that employ such primitive hybrid circuits.
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Furthermore, an important trait of RRAM-based circuits can be considered the use of
RRAM devices as the building blocks of associative computing memories, hence en-
abling the configuration of generalised analogue Look-Up-Tables (LUTs) for IMC ac-
celerators. By studying and testing low-complexity hybrid RRAM-MOSFET circuits
and circuit networks, I am showcasing the potential capabilities in introducing such
novel type of computationally-flexible data conversion inside memory (with regards
to IMC implementations). Hence, the exploitation of this converting logic (CL) con-
cept, based on neuro-inspired designs, with some of the earliest ones showcased by
McCulloch and Pitts (1943); Bobba and Hajj (2000), alongside the RRAM technology,
e.g. as discussed in the work of Chua (2014), are particularly interesting for introduc-
ing novel and computationally flexible systems. Additionally, the exploitation of the
naturally analogue computing performed by the RRAM devices is employed to imple-
ment circuits that can naturally convert information between different domain (ana-
logue or digital) and thus mitigating the need for additional conversion circuitry in
some applications. Through this scope, I investigate multiple different configurations
of low-complexity RRAM-based circuits to implement and test a variety of operational
modes. Additionally, the circuit designs and implementations of this work are used
to complement the existing RRAM-based circuit designs by adding more designs of
reconfigurable primitive circuits. Hence, I aim at providing novel solutions that sup-
plement the existing and well-documented digital-to-digital and analogue-to-analogue
memristor-based logic schemes, with some of the different implementations being pre-
sented by Serb et al. (2018a); Kvatinsky et al. (2011); Vourkas and Sirakoulis (2016), thus
providing novel methods of manipulating data in-place using RRAM-based logic.

1.3 Objectives

Towards providing evidence on the potential IMC performance improvements by in-
troducing analogue RRAM technologies for the design and implementation of novel
neuro-inspired memory and logic co-location computing, which are the basis of IMC
systems, I explore the computational capabilities of hybrid RRAM-MOSFET circuits
and systems. An important objective is to physically implement and test reconfigurable
RRAM-based hybrid primitive circuits that base their operation in low-complexity but
powerful computing operation. The operational validation through experimental demon-
stration of the RRAM-based primitive neuro-inspired data processors is important for
future hybrid IC design since such circuits and systems are relatively under-documented
with regards to the research area of hardware realisation and measurements. By pro-
viding novel experimental measurements of RRAM-enhanced neuro-inspired circuit
that can be programmed on-the-fly to alter the information domains used as input/out-
put I am showcasing novel findings that support the future implementations of hybrid
ICs for IMC-based acceleration. This could potentially be employed towards creating a
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hybrid reconfigurable computer architecture for performing mixed-signal data process-
ing. Through the findings of this thesis, I am adding practical knowledge to the area of
RRAM-based neuro-inspired circuitry. Through the findings of these experiments, an
important trait of RRAM-based circuits can be considered the use of RRAM devices as
the building blocks of analogue reconfigurable associative computing memories. Based
on the findings of this thesis, the concept of interpreting such circuit designs as a form
of reconfigurable associative memory for performing information mapping between
different data domains is reinforced. By experimenting with simple RRAM-MOSFET
circuit networks, I am showcasing the potential capabilities in introducing such novel
type of data conversion inside IMC architectures.

More specifically, I experimentally demonstrated several versions of the RRAM-based
neuro-inspired circuits for data processing. The main effort can be found in the imple-
mentation and testing of in silico associative analogue computing memories and prim-
itive classification blocks in the form of a 1T1R memory array and a current-mode TLG
design, respectively, using state-of-art RRAM technology (Pt/TiOx/AlOx/Pt RRAM
devices proposed by Stathopoulos et al. (2017)) as programmable artificial synaptic
weights. I designed and implemented in simulation and in hardware a RRAM-based
mixed-signal MAC circuit (shown in Chapter 3) and a RRAM-based TLG which is
performing the main computing in the analogue domain (i.e. analogue RRAM-based
multiplication and accumulation in current mode) while the classification result is a
binary/digital decision (shown in Chapter 4). An extension of the MAC and TLG cir-
cuits is showcased in Chapter 5 where the different modes of operation of a combined
RRAM-based MAC-TL circuit are explored through the implementation and testing
of mixed-signal circuit modalities that affect the way the circuit receives inputs from
its environment and the way it decides how to classify this data. Additionally, fur-
ther findings that highlight the computational flexibility of the RRAM-based circuits
are investigated through the design and test in Cadence Virtuoso’s Spectre simulation
of proof-of-concept Winner Take All (WTA) and Wake Up Circuit (WUC) systems that
base their operation on the proposed primitive RRAM-based MAC circuit and simple
comparator circuits (such as those implemented for the proposed RRAM-based TLG).

The reconfigurable primitive RRAM-based MAC circuit that is showcased in Chapter
3 was presented in two international conferences (ISCAS 2019, Papandroulidakis et al.
(2019a), and MEMRISYS 2019, please see Section 1.4). An investigation of a RRAM-
based MAC circuit that performs MAC operations in the analogue domain and its
hardware experimental realisation of that circuit is an important step for this study
(shown in Chapter 3). The same RRAM-based MAC circuit is tested in Cadence Virtu-
oso’s Spectre simulation as a programmable RC (RRAM-Capacitor) delay component
for a proof-of-concept Winner Take All (WTA) network. The proposed RRAM-based



1.4. Contributions of this work 7

Winner-Take-All (WTA) system is competitive with existing state-of-art designs show-
casing 300fJ energy consumption and 1ns delay per operation. Furthermore, the de-
tailed implementation of the RRAM-enhanced TLGs, presented in Chapter 4, were dis-
seminated in two international conferences (ISCAS 2018, Papandroulidakis et al. (2018),
and MEMRISYS 2018, please see Section 1.4) and published in a journal (IEEE TCASI,
Papandroulidakis et al. (2019b), please see Section 1.4). The findings on the RRAM-
based TLG design proposed in this thesis showcase a competitive power dissipation
of 1.79uW and a very fast operation of 0.12ns decision time (faster than existing state-
of-art RRAM-based TLGs) while simulated in Cadence Virtuoso using 65nm MOSFET
technology node and the RRAM model proposed by Messaris et al. (2018). The theory
and design methodology derived by the analysis of the showcased RRAM-MOSFET
circuits organised as hybrid memory arrays were presented in an international confer-
ence (ICEIC 2020, please see Section 1.4). Through the findings of this thesis, I con-
tribute to the existing body of literature regarding memristor logic techniques and pro-
vide new methodologies of performing memory and logic co-location computing using
RRAM.

1.4 Contributions of this work

This sections is referencing all the relevant contributions of the thesis until the date
of submission. The research conducted throughout this PhD programme resulted in
a journal publication and many presentations in international conferences. The list of
publications (journal articles and proceedings in international conferences) is as fol-
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Chapter 2

Memory and logic co-location
circuits for in silico classifiers

In this section, I am going to present the fundamental theory and circuit design method-
ologies required for the design and implementation of RRAM-based reconfigurable
neuro-inspired logic circuits. More specifically, special important cases of neuro-inspired
computing, usually taking the form of the emerging In-Memory Computing (IMC)
computer architecture, will be investigated and the concepts of memory and logic co-
location primitive gates, mainly in the form of Threshold Logic Gates (TLGs), will be
highlighted. The important connections of emerging RRAM technology as a strong can-
didate for synaptic emulation circuits will be analysed and their consequent connection
with ANNs and neuro-inspired computing will be showcased and discussed with spe-
cific circuit design examples. Through this background analysis, I am showcasing the
fundamental ideas that will lead on designing and understanding the behaviour of a
hybrid CMOS-RRAM memory and logic co-location circuit for developing novel IMC
paradigms.

2.1 Circuits and Systems for Data Processing

One of the cornerstones of computing is the data processing, thus how data are manip-
ulated through the use of logic circuits towards providing some meaningful results as
the output response of these circuits. For the study of electronics, a data processing en-
gine can be considered any form of circuit capable of manipulating an input to produce
an output useful for the cascading circuits. Generalising this concept, we can assume
that that the data processing engine maps a signal from one form to another, thus it
can be used as a sort of computational bridge that connects different interpretations of
data formats. Although most modern electronics in computers are manipulating bi-
nary data for reinforcing their operation against noise, the analogue signals processing
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remains a necessary and important area of computing for many applications, with an
example shown in the work by Serb et al. (2018a,b). The introduction of novel solu-
tions for computing in analogue or mixed-signal with low power dissipation and small
chip area, as shown by Serb et al. (2018b), is rejuvenated by the need to perform mas-
sively parallel digital operations in accelerator systems, operations that can be reduced
in number if we assume an analogue data processing domain. This is particularly inter-
esting with the rise of emerging technologies, such as RRAM (and other memristor-like
technologies discussed by Chua (2014); Strukov et al. (2009)), that have the potential of
becoming the catalyst in the design of novel energy- and area-efficient circuit designs
for processing in fully digital, fully analogue or mixed signal at the nano-scale.

One of the most widely documented data processing operation is the data classification
which can be considered a fundamental processing operation found in most Machine
Learning (ML) applications implemented by ANNs. Data classification may be imple-
mented in several specific forms, but all of these possible implementations involve the
identification of an input and its appropriate mapping into the output domain space.
For example, even a simple and conventional Boolean AND gate can be seen as split-
ting a 2-dimensional binary space into two categories, the input stimulus that result in
logic ’0’ and the input stimulus that result in logic ’1’. Similarly to the simple Boolean
AND gate, a typical 2-input artificial neuron uses its weighted input sum and threshold
to linearly separate its input space (2-dimensional continuous space) into two output
domains, as discussed by Serb et al. (2018a). It is worth noting that, in general, simple
Boolean digital logic gate, such as AND, OR, NAND and NOR gates, can be interpreted
as a special cases of a quite simple artificial neural network with unity weights where
a threshold, defines by the configuration of the CMOS implementation per logic gate
case, linearly separates the input space. This fundamental concept can of course be gen-
eralised to an input space of higher dimensions, where the widely used 2-input digital
logic gates become digital CMOS-based primitive classification gates. The operation
of these gates can be directly related to simplified and restricted artificial neurons and
thus ANNs, where all the input weights are equal to a reference unity weight and clas-
sification operation depends on the threshold level. The property of linear separability
is maintained by all potential gate designed for low-complexity and computing of fun-
damental operations, thus similarly to simple neuron model (i.e. perceptron) a single
classification gate cannot compute functions such as XOR but instead an interconnected
network of multiple layer of such gates is required to achieve that.

Introducing programmable non-binary weights at the inputs of simple classification
gate turns them into a form of more configurable ANNs by allowing the program-
ming of appropriate synaptic emulation components, with the important category of
these primitive gates being well-documented for conventional technologies implemen-
tations, as highlighted by Beiu et al. (2003b). In most cases, the input space remains
binary (i.e. a digital input vector is used) since most implementations are aimed for
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compatibility with existing conventional digital computer architectures, but the contri-
bution of each input is moderated by a continuous weight, with a recent example of
such a hybrid design showcased by Papandroulidakis et al. (2018). For the case that the
input space is continuous (or in general multi-bit) we obtain a typical perceptron with a
step activation function, one of the first ever such designs was proposed by McCulloch
and Pitts (1943).

A wide variety of approaches exist for implementing data mapping and classification
operations in hardware. These range from gates and digital system (e.g. Field Pro-
grammable Gate Array (FPGA)) analogue computing blocks, such as MOSFET-based
fuzzy gates by Merrikh-Bayat et al. (2011); Merrikh-Bayat and Shouraki (2013); Tarkhan
and Maymandi-Nejad (2018), and many other designs and computing solution in be-
tween. Recently, with the rise of ‘edge’ computing, Internet-of-Things computing net-
works and distributing sensing system monitoring patients, building, local climate,
etc. there is a higher than ever demand for power and area efficient hardware solutions
capable of performing a variety of data processing away from large computing sys-
tems. This rising demand in novel solutions is usually divided among fixed-structured
Application Specific Integrated Circuits (ASICs) and computationally flexible and pro-
grammable FPGA-based designs based on the specific demands of each application. In
cases where area and power are quite limited (such as in the case of ‘edge’ computing
discussed by James et al. (2014); Krestinskaya et al. (2018a)), ASIC designs are usually
preferred. On the other hand, in cases where the hardware need to be programmable
and reconfigurable at the hardware-level due to irregular computing demands (thus
there are requirements for different computing data-paths to be accelerated), FPGAs
are the key to build stable and long-lasting data processing infrastructure that reduces
the costs of re-deployment and replacement of systems, as shown by Gaillardon et al.
(2015); Kuon and Rose (2006); Vestias and Neto (2014). Although the exact computer
architecture that would be preferable in most cases is still under investigation, with the
increase in maturity of emerging technologies, such as RRAM devices, unique opportu-
nities arise where the design and implementation of both power-efficient and reconfig-
urable systems can co-exist in the same IC design. In the next section (Section 2.2), I am
going to discuss some of the most important system that are consider ideal candidates
for enabling the design of such an attempt for novel data classifiers at the ”edge”.

2.2 Computer logic inspired by biological neural processing

As discussed earlier, much of computing can be deconstructed into a set of fundamental
operation many of which can be considered neuro-inspired since the same fundamen-
tal logic seems to be at the core of the inner workings in biological neural networks as
well. Thus, an important aspect of designing novel hardware can be found through
the integration of ANN-related concepts into state-of-the-art computer architectures,
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with a recent example shown by Wan et al. (2019). Through the examination of the
neuro-inspired design concepts, we are able of developing important computer circuits
and systems that base their design and functionality on what we can observe as data
processing in biological neural networks. Furthermore, in many cases, neuro-inspired
circuits and systems can provide better solutions in terms of area and/or power com-
pared to their conventional counterparts.

The importance of neuro-inspired computing concepts is manifold as they present our
best idea of the basic operational principles of logic circuits co-located with memory
modules. Neuro-inspired designs position themselves as a true alternative of the con-
ventional von Neumann architectural since they can mitigate or even eliminate the von
Neumann computing-memory bottleneck. Through these novel computing concept
not only we can gain significant performance compared to more conventional architec-
tures but also we can provide novel solutions in organising a reconfigurable computing
substrate based on primitive circuits, another design idea derived from biological neu-
ral networks. More specifically, many neuro-inspired designs are based on relatively
simple primitive computing cells that can change their operation/behaviour depend-
ing on their environment and operational state of the system, thus defining a guiding
design methodology for conceptualise and implementing reconfigurable computers.
These aforementioned two focus points are the main reason that a lot of attention has
been given on designing computers with technology adapted to emulate the function-
ality of biological neuron activity, as proposed by McCulloch and Pitts (1943).

With regards to the design of primitive computing cells for neuro-inspired systems a
detailed study of the synaptic-neural behaviour is required. Neural activity of integrate-
and-fire is a primitive processing operation that is defined as the fundamental function
many consider as the enabling process behind the observable brain-related processes.
In the last few decades, an active scientific research effort is aimed towards design-
ing and implementing circuits for performing brain-inspired computations, thus build-
ing artificial brains or (the more computation-oriented term) artificial neural networks
(ANNs). Integrate-and-fire (IF) operation can be considered as the process of accumu-
lating information from an input signal (e.g. voltage in a capacitor component) and
when a specific level of accumulation is reached then an event is triggered (e.g. the
”firing” of a neuron, thus the transmission of a voltage signal). Usually the concept
of IF operation is connected with synaptic behaviour where the input signals vector is
passed through a set weights that map the input information into an appropriate pro-
cessed signal that is then used to as input to the actual neuron system. The main com-
putation performed with the synaptic behaviour is that of the fundamental computer
arithmetic operation of multiplication, since we consider that the input signal is multi-
plied by a corresponding contribution parameter (in this case the corresponding input
weight). Thus, in general, implementations of synaptic emulator circuits are centred
around the multiplication of signals. For the case of multiple input signals connected
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to the input of a neuron through multiple synapses (a design inspired from the obser-
vations in biological neural networks), each input has different contribution to the final
accumulated sum which controls the behaviour of the neuron based on the mostly sim-
ple event of the total weighted input sum surpassing or not a specific threshold value
(also referred to as bias). Early studies that considers the usage of these simplified ob-
servations on how the synapses and neuron work as a form of primitive circuits can be
traced to the important work of McCulloch and Pitts (1943). An example of a threshold-
ing function can be considered the case where a continuous input signal is fluctuating,
thus resulting is passing through the line defining the threshold value. When the sig-
nal is larger than the defined threshold value then, by convention of this example, the
output is set to logic ‘1’ while in different case, thus while the signal is below the line
defining the threshold, the output is set to logic ‘0’.

The well-documented effort in designing modern electronic circuits and systems is usu-
ally focused to the implementation of efficient hardware solutions through optimising
networks of basic Boolean operations, as exhibited in the results of Leshner et al. (2010);
Neutzling et al. (2018). Although some circuit design methods, such as CMOS, have
many advantages that enabled them to be the catalyst for much of the current elec-
tronics, limitations imposed by fundamental design techniques create need for novel
solutions in terms of computer architecture design as well as in terms of technologies,
as discussed by Hamdioui et al. (2016). An important requirement for today’s electronic
systems is the search towards scalable hardware architectures. Unfortunately, as dis-
cussed by Hamdioui et al. (2016); Wilkes (1995), this search for novel design techniques
that could lead to better scalable systems is hindered by the limitation of the CMOS-
centric circuit design tools as well as due to the physical limitations that the MOS-
FET devices are imposing upon the conventional computer architectures. Many con-
sider that towards solving the scalable circuit design problems further solutions among
the lines of neuro-inspired design must be found, with examples shown by Hamdioui
et al. (2016); Serb et al. (2018a). Similarly to what can be observed in biological brains,
novel computers could be based upon a primitive functional computing structure cor-
responding to an equivalent synapses-neuron emulation computing model. A system
based on this design would be implemented mainly through a large-scale connection of
multiple primitive neuron components through emulated synaptic weights, a concept
central to this category of circuits and systems from the initial concept till recently, as
shown by McCulloch and Pitts (1943); Maan et al. (2016). The primitive neuron circuits
communicate through electronic signals that are mapped from one information domain
to another through the synaptic weights network that exist between the communicat-
ing circuits. In the simplest cases, this mapping can be performed through the use of
resistive networks to emulate synapses with each synaptic weight imposing a different
resistance to the current that flows between the communicating neurons, as exhibiting
in the recent work by Papandroulidakis et al. (2018). The above-mentioned concepts
can enable the design of a highly scalable and massively parallel architecture inspired
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by the computational template found in biological neural networks. Such designs have
been preliminary tested in many forms mainly as different implementations of ANN-
related architectures, as discussed by Maan et al. (2016); McCulloch and Pitts (1943);
Santoro et al. (2019).

Deeply embedded within the concept of neuro-inspired computing and ANN imple-
mentations is data classification. The idea of classification is a cornerstone of the ANN
computing and can easily be quantised to describe the equivalent threshold logic (TL)
operations found in digital electronics logic (thus logic that is based in the comparison
of an input with a threshold level). As discussed in the previous section (see Section
2.1), even basic logic functions, such as 2-input AND logic gate, works by creating two
clusters of possible outputs (classified input data). This is similar to the operation of
a typical 2-input neuron which uses its weights and activation function threshold to
separate its input space into two output data domains of valid clusters, as shown by
Bayat et al. (2018). Notably, the AND gate can be interpreted as a special case of a neu-
ral network where an appropriate threshold line linearly separates the input space. The
same applies for multi-input OR, NAND, NOR gates as well as for all the majority logic
gates. These gates are also known as threshold logic gates (TLGs) (an important circuit
category whose circuits implementations are discussed mainly in Section 2.4) mainly
when aimed at analogue or mixed-signal circuit and system designs, thus when there
is a more direct connection to their neuro-inspired design and operation.

Although many simple designs exist that support the concept of neuro-inspired com-
puting the main area of study is concerned with modeling the group of logic circuits
that can compute linear separable logic functions. This circuit group is based on the
initial research results of the simplified models of neural activity that were centred
around the concept of comparison of a weighted input with a threshold value, thus
called the threshold logic (TL), with this terminology appearing initially in the work
by McCulloch and Pitts (1943). The TL concept can be considered a main component
in understanding and emulating how networks of simple and primitive logic opera-
tions can be used to design complex systems that computes high-level operations, such
as image processing, data classification, pattern recognition etc., with few example in-
cluding the work shown by Maan et al. (2016); James (2016); Sebastian et al. (2018). In
many cases, the novel computer architectures that arise from the introduction of the
neuro-inspired TL design methodologies were in the form of sea-of-computing-nodes
implementations where primitive operations, such as multiplication and comparison,
as well as major architectural design shifts, such as memory co-location with the com-
puting modules, are key characteristics of the design, as showcased by James (2016);
Rojas (1996); Zhanbossinov et al. (2017).

An important case of memory and logic co-location circuits can be found in the first
simplified model of synapse-neuron functionality was introduced as a result of the
evaluation of the neuron functionality as a threshold logic gate (TLG). The so-called
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TLG, following the fundamental principles of neuro-inspired computing as well as be-
ing compatible with conventional design methodologies, was a model for performing
the comparison of a threshold value to the weighted sum of an input vector. Each
weight is assigned to each input and defines the impact of that input to the logic opera-
tion performed by the integrate-and-fire (IF) function. As discussed earlier, the TL com-
puting concept was introduced initially by McCulloch and Pitts (1943) as a method of
emulating the neural activity observed in the brain using relatively low complexity cir-
cuit designs. The modelling of neural functionality as a complex system of TL primitive
logic blocks has been the basis for the analysis and design of ANN-inspired computer
architecture implementations. Hence, although these basic logic gates perform only
fundamental signal processing tasks, the interconnection of those circuits adds to the
emergence of complex classification function, as shown by Guo et al. (2015); Merrikh-
Bayat et al. (2015); Wen et al. (2018). This has the consequence that larger systems that
use these primitive gates could be capable of advanced computing when computing
processes can be disintegrate into basic fundamental operation. Another important de-
tail is that TLGs are considered a group of circuits that initiated a different approach
of conceiving the design of mixed-signals logic circuits in computer architectures. This
was based on the emergence of memory-centric reconfigurable logic systems, enabled
by the memory cells incorporated into a generalised gate array towards reaching the
parallelism and power efficiency of biological neural activity, as shown by Li et al.
(2016); Alibart et al. (2016). More details on some important TLG design methodolo-
gies and examples will be presented in the following sections of this thesis.

Although TLGs and similar circuits stand as important examples of neuro-inspired
computing (architectural organisation around primitive logic blocks and use of ana-
logue or mixed-signal designs) there are many other concepts of neuro-inspired com-
puting that have been adapted from biological neural networks for modern computers,
such as the memory and logic co-location solution of systems. These methodologies,
in many cases, are based on incorporating novel device and circuit solutions as design
modifications of existing circuit design.

2.3 In-memory computing

Neuro-inspired computing concepts are increasingly being considered as a more effi-
cient method of implementing computers, as showcased by Sebastian et al. (2020). As
discussed in previous sections, the conventional separation between computing and
memory systems impose important limitations to computers’ performance. Although
many approaches to introduce novel computing architectures are based on neuromor-
phic designs that attempt to mimic the biological brain at different levels of abstrac-
tion, one of the most prominent concepts is the implementation of post-von Neumann
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architectures by retaining some of the existing conventional design but with impor-
tant changes in the functionality of each system. In-Memory Computing (IMC) is a
well-studied concept introduced towards mitigating architectural performance prob-
lems in conventional computer architecture designs (such as the von-Neumann bot-
tleneck which occurs due to the limited bandwidth communication channel between
processing units and memory modules), with some examples being the work exhibited
by Agrawal et al. (2018); Si et al. (2019); Yu et al. (2020); Zhang et al. (2017); Su et al.
(2020); Si et al. (2020); Seshadri et al. (2017). In this new type of computer architecture,
memory systems are considered as a natural place to build upon novel logic circuits
and systems that employ mainly the memory circuitry to perform computations. The
process usually involves the introduction of additional circuitry and/or technologies
towards enabling the memory system to operate as massively parallel data processing
accelerators, as discussed by Santoro et al. (2019). This concept matured into the IMC
design paradigm which are one of the most important class of future computer archi-
tectures, such as the cases shown by Sebastian et al. (2020); Ielmini and Wong (2018).

There are many different approaches in implementing IMC systems, as exhibited by
Chakrabarti et al. (2017); Santoro et al. (2019); Ielmini and Wong (2018); Sebastian et al.
(2020). Four of the most important are Computation-near-Memory (CnM), Computation-
in-Memory (CiM), Computation-with-Memory (CwM) as well as the Logic-in-Memory
(LiM). CnM technique is based on the introduction of computing systems attached to
memory modules. This means that CnM can perform computations essentially in the
enhanced memory module before sending data to a central processing unit. Depend-
ing on the level of processing, the CnM can be considered a pre-processor or a full
parallel bit-wise accelerator capable of performing multiple MAC operation per clock
cycle. CiM is similar to the CnM but with the difference that no additional computing
circuits are necessary. Instead, in CiM, in-memory computing is performed by reading
data in parallel from multiple rows and using the sense amplifiers (SAs) to compute
some primitive logic operation, such as bit-wise AND, OR, etc. The computation re-
sults can be written back in memory with an additional write-back data-path making
possible the sequential execution of parallel bit-wise operations in a set of data. In
CwM architecture designs the memory itself is as the means to perform computing.
The memory modules in this technique are essentially Content Addressable Memo-
ries (CAMs) where the read operation is performed in multiple rows and can retrieve
stored data as a form of Look Up Table (LUT), as discussed by Santoro et al. (2019). The
CAM and LUT systems have an important connections with the neuro-inspired archi-
tectures since they can be considered as different forms of associative memories, a very
interesting and valuable computing concept inspired by the brain. The final LiM tech-
nique is different than all the other techniques in the sense that the data is computed
locally without the need to move them outside of the array. The memory components
themselves are capable of performing simple computations and data are manipulated
within the memory system which can work as a full computer with memory and logic



2.3. In-memory computing 17

co-located, as shown by the work of Santoro et al. (2019); Agrawal et al. (2018); Si et al.
(2020, 2019).

Most IMC have system design characteristics that have been adapted straight out of
the main design methodologies found in memory system architectures. One of the
most important feature of memory units is the uniformly distribution of primitive stor-
age cells in a 2-dimensional or 3-dimensional topological structures, as the work of
Chakrabarti et al. (2017); Lastras-Montaño et al. (2017) showcase. One of the most well-
documented and widely employed 2-dimensional structure for the topological organ-
isation of memory cells in a system, that later was adapted for use in IMC systems,
is the crossbar array that provides the denser method of organising cells, as shown
by Afifi et al. (2009); Zha and Li (2016); Adam et al. (2016). A crossbar array consti-
tutes a dense configuration of nanoscale devices or circuit, such as a DRAM cell or a
RRAM device. In particular, a crossbar array consists of two sets of wiring connections
crossing perpendicularly as sets of row wires and column wires. Each crosspoint area
of the array, hence each area crossing between a row wire and a column wire, is con-
nected to a two-terminal component (one terminal connected to the row wire and the
other to the column wire). For the case of natural two-terminal devices, such as most
of the RRAM device technologies, no further array-level connections are needed. On
the other hand, for crosspoint components with multiple terminals, such as the RRAM-
based 1-transistor-1-resistor (1T1R) or DRAM’s 1-transistor-1-capacitor (1T1C) cells (i.e.
at least three terminals per cell in the form of MOSFET gate, BE and TE), the additional
terminal (usually the gate of the access transistor) need to be accessed per row (usually
referred to as wordline) or per column (usually referred to as bitline) with an addi-
tional set of row or column wires, respectively. Various switching elements can be used
in crossbar’s junctions and the conductivity of this element adjusts the intensity of the
connection between each pair of horizontal (row direction) and vertical (column direc-
tion) wire. Naturally of particular interest is the case of integrating emerging memory
technologies, such as the RRAM, with a crossbar array architecture, as straightforward
realisation of synaptic connections of a neural network if we consider neuron circuits
connected at the edges of the rows and columns, a main design methodology that is
shown by many examples including the work by Liu et al. (2016); Cai et al. (2019); Liu
et al. (2015); Zha and Li (2016).

At the centre of most ANN-related solutions is the cornerstone operation of Multiply
and ACcumulate (MAC) which is extensively employed as a primitive function for
most machine learning (ML) algorithms, as discussed by Ielmini and Wong (2018); Se-
bastian et al. (2020); Xia and Yang (2019). The multiplications and summation are two
fundamental computer operation. In their simplest form we can consider that the prim-
itive AND and OR Boolean logic operations are basic equivalents of binary multiplica-
tion and addition, respectively. Many pattern recognition algorithms include massive
amounts of MAC operations usually in the form of matrix to vector (MVM) or matrix
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to matrix multiplication (MMM). The MAC operation of two matrices is also known as
dot-product computation. Although, in digital logic the operators of AND and OR can
be employed to create large dot-product networks, in many cases this is too costly in
terms of area and power dissipation. Instead the main effort of implementing massive
networks of MAC circuits have been placed in memory-centric architecture designs
where low-complexity reconfigurable cells, such as DRAM and SRAM that can store
binary information, are used for the MVM MAC operations. Thus, the strong connec-
tions between IMC design and MAC-based massively parallel primitive operations has
been identified and exploited in most memory and logic co-location systems.

Most of the early IMC designs were based on conventional MOSFET technology and
CMOS design and, more specifically, around circuits already used as part of existing
functional memory solutions, such as CMOS-based memory cells (i.e. SRAM cache
memory), sense amplifiers, data buses, multiplexing and decoding networks etc., as
shown by Agrawal et al. (2018); Si et al. (2020, 2019); Yu et al. (2020). Many interesting
architecture have been proposed throughout the last decades showcasing the continu-
ous effort towards providing additional findings for IMC design methodologies. In the
work by Zhang et al. (2017), a 6-transistor (6T) SRAM memory architecture is proposed
for implementing a digital MAC-based system for pattern recognition and classifica-
tion. The input stimulus for classification is in analogue format (driven by custom
CMOS network of binary-weighted current sources) while the classification engine is
build around the SRAM cells and the sense amplifiers, with additional circuitry for data
conversion and memory control in the periphery of the main IMC topology. Similarly
to most IMC designs the peripheral circuitry has been adjusted, compared to conven-
tional memory control circuitry, to access multiple rows and/or columns per operation.
This is a feature that defines the IMC schemes since massive parallelism for primitive
computations is also a neuro-inspired concept (as is the aforementioned memory and
logic co-location paradigm). In the research conducted by Kang et al. (2018), an IMC
system for inference operation is proposed. The system is named Deep In-Memory
Architecture, and similarly to other CMOS-based implementations the main memo-
ry/computing circuit used is the SRAM cell. The system is build around a conven-
tional SRAM memory bank but with custom peripheral circuitry to enable multi-row
and multi-column dot-product operations towards enabling massively parallel access
to computing memory arrays. In the work by Seshadri et al. (2017), a novel compu-
tational concept build around the use of conventional DRAM cells alongside custom
sense amplifiers was proposed. In this IMC design, multiple DRAM-based capacitor
elements were connected simultaneously to the sense amplifier to perform massively
parallel Boolean bit-wise logic functions, as exhibited in the design proposed by Se-
shadri et al. (2017). Similarly to most IMC techniques the logic functions performed are
of low-complexity (i.e. simple Boolean AND, OR, etc. gates) but the main feature is the
large scale of parallelism of data processing in the memory-centric accelerator using
conventional DRAM memory modules.
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More recent implementations proposed the use of custom MOSFET circuitry alongside
traditional memory cells to enhance the computational capabilities of IMC systems.
In the work by Su et al. (2020), another IMC design (also referred to as Computing In-
Memory (CIM) accelerator category) is proposed for applications in pattern recognition
and classification Integrated Circuits (ICs) aimed for edge computing. A custom two-
way transpose (TWT) SRAM cell is implemented to support the parallel MAC opera-
tions of the system. Additional custom circuits to accommodate for process variation in
deep sub-micron MOSFET technologies and a custom sense amplifier adjusted for en-
hanced sensitivity to small read margins are also part of this IMC system. In the work
by Si et al. (2020), an IMC design with a custom Twin-8T SRAM cell is proposed for
CNN implementations in processors at the ”edge”. A parallel system with dual mem-
ory word-lines is implemented to store and read positive and negative weight values.
The custom 8T SRAM cells includes a read port which enables the decoupling of the
memory cell from the long bit-line connecting all the cells together (a parallel access if
required for a dot-product operation) which enhances the speed of operation.

All in all, the main effort in CMOS-based IMC systems can be reduced in the use of all
the main components that exist traditionally in conventional memory modules, such as
in DRAM and SRAM cache memory banks, while employing usually small circuit alter-
ations and/or additions to the memory cell and sense amplifier. Additionally, usually
the IMC solutions require a more complex control system to generate appropriate con-
trol signal to enable parallel computing by accessing and reading multiple word-lines
of memory cells. As is evident from the examples of the IMC implementations, the con-
cept of IMC is inspired by the neuro-inspired memory and logic co-location idea with
the memory banks being loosely adapted to the role of artificial synapses and the sense
amplifiers to the role of artificial neurons. The IMC designs is among the most interest-
ing attempts to employ neuro-inspired computing inside conventional computers and
exist as a strong paradigm of realistically feasible future accelerator systems. But limi-
tations imposed by technologies (limited analogue computing capabilities from MOS-
FET devices) impedes the realisation of many of the most promising IMC solutions that
employ analogue and mixed-signal circuitry to accelerate fundamental arithmetic and
logic operations, as discussed by Sebastian et al. (2020); Ielmini and Wong (2018). The
rise of novel memory technologies that are better suited for the role of artificial synap-
tic weights as candidates for future hybrid IMC systems (i.e. employing both emerging
and conventional electronics) can result in an important enhancement of the IMC capa-
bilities (an important evolution of the IMC paradigm that will be discussed in Section
2.7).

The concepts of IMC system design and MAC-based logic function are considered
tightly related since the crossbar arrays and the memory word-line access is well-
fitted for dot-product MVM operations as well as the customised sense amplifiers or
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capacitor-based circuitry can be employed for the accumulation operations. The MAC-
based logic mapping can easily be scaled into massively parallel computing platforms
making the inherently parallel structure of IMC an ideal computing solution for MAC
acceleration. Although many MOSFET-CMOS-based IMC implementations exist, with
some of them having good performance as shown for the design proposed by Seshadri
et al. (2017), limitations of MOSFET devices increase the need to introduce novel de-
vices and technologies into a similar set of IMC architecture designs, as discussed by
Hamdioui et al. (2016). The fact that the MOSFET device is usually operated as a binary
switch as well as the difficulty to scale reliably in very small technology nodes show-
case that devices such as RRAM could alleviate many design constraints of previous
IMC systems by introducing new hybrid MOSFET-RRAM solutions, as discussed by
Hamdioui et al. (2016). Additionally, the IMC concept itself requires novel technolo-
gies towards achieving analogue memory and logic operations in-situ, a trait that in
most cases is missing from IMC solutions build around conventional technologies, as
shown by Ielmini and Wong (2018). The analogue data processing can be a significant
solution for the next generation of accelerators especially for the case of edge comput-
ing where we would like to achieve very low power designs, as showcased by Ielmini
and Wong (2018); Krestinskaya and Pappachen James (2018). Of course, the introduc-
tion of hybrid emerging-conventional implementations is just one part of the solution
for future accelerators. Additionally to the device technology updates, architectural
changes will be important in developing truly next generation IMC accelerator with
enhanced capabilities, as shown by Mehonic et al. (2020).

At the same time that IMC was gaining ground as an emerging alternative to con-
ventional von Neumann computer architecture, other supplementary aspects of neuro-
inspired computing were also increasingly considered as viable alternatives to the CMOS-
based Boolean logic that dominates modern computers. The rise of novel emerging
memory technologies and their maturity into future widespread memory solutions
only enforce the idea of using neuro-inspired mixed-signal logic inside the memory
units as a main method of performing massively parallel operation in future comput-
ers.

2.4 Threshold Logic Computing Circuit Design

Towards creating hardware that can be efficiently employed for the next generation of
IMC architectures a lot of effort has been placed in the design of circuit that can com-
pute massively parallel multiplication operation fast. The neural activity and process-
ing is capable of solving complex problems through primitive and fundamental logic
techniques. Many contributions have been made towards the implementation of a dig-
ital circuit that can exploit the same powerful operations. Over the last few decades the
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FIGURE 2.1: Schematic of the fundamentals of an artificial neurons design. Synaptic
connections are mapping the input space into an appropriate format through the use of
synaptic weights. The synapse-dependent transformed signals are then used as inputs
for the neuron which decides whether to fire or not depending on the total effect of the

input signals compared against a biasing signal.

concept of TLGs is becoming increasingly stronger with a wide range of electronic im-
plementations developed since its inception, as extensively highlighted and discussed
by Beiu (2003); Beiu et al. (2003d). TLGs, in their most wide-spread form, are based on
the operational characteristics of single perceptron nodes with binary weighting con-
figuration and digital input signals, thus fitted for conventional computing systems.
As discussed briefly in Section 2.1, a single TLG can perform a single threshold logic
(TL) operation, from simple function such as AND, OR and their complements to other
more complex majority logic functions. One important limitation is that a single TLG
can compute only linearly separable function, similar to what the perceptron theory
and application dictates, as presented by McCulloch and Pitts (1943). In order to im-
plement a non-linearly separable function more complex multi-layer networks of TLGs
need to be employed. Hence the operational traits are comparable with that of multi-
layer neural network, as discussed by Tran et al. (2012).

Furthermore, similarly with perceptron’s functionality, the functionality of TLG is de-
fined through the input weights and threshold value (also referred to as bias) of the
unit, thus the same network structure can be used to compute different majority func-
tions by using different sets of (input) weights and/or threshold, as shown by Bayat
et al. (2017). Although the possible sets of classification configurations permitted by as-
suming the TLGs to binary weights is limited (which is true for the case of implement-
ing weights with MOSFETs), through the employment of analogue weights the config-
urability of the circuit can be greatly enhanced, as shown by Maan et al. (2016). This
enables the TLG circuits to truly be an ideal candidate for a reconfigurable logic gate,
while retaining a low-complexity primitive logic block design. Furthermore, based
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on the IMC design methodology discussed in Section 2.3, TLGs seem to be a good
memory-dependent reconfigurable primitive gate choice for building IMC systems.

Although, the general belief is that a neuron in reality is a more complicated system and
the simplification towards TLGs is questionable, these circuits can provide a powerful
tool in the hands of electrical engineers through the form of a range of efficient and
programmable logic gate families aimed towards the implementation of high perfor-
mance and power efficient computer architectures, with some examples showcased by
Krestinskaya and Pappachen James (2018); Beiu et al. (2003b); Bobba and Hajj (2000);
Xia et al. (2009). Many different implementations of threshold logic gates have been
proposed with different trade-offs regarding their power-noise ratio performance. Re-
cently, the use of Current-Mode Differential TLGs seems to winning ground as one of
the most fast and low-power TLG implementation, as exhibited by Dara et al. (2017);
Bobba and Hajj (2000). In this section, we are going to study and discuss the history of
TLG implementations and the advances of the TLG design paradigm throughout the
recent years, with a focus on the Differential TLGs.

In the literature we can find many different TLG implementations where the integration
of TL circuits with a wide variety of components both conventional and unconventional
is proposed, e.g. transistors, as shown by Bobba and Hajj (2000), capacitors, as shown
by Medina-Santiago et al. (2018), resistors, as shown by Vrudhula et al. (2015), resonant
tunnelling diode, as shown by Pacha et al. (1998); Pettenghi et al. (2008a) etc. The
main goal of this search of a TLG design that can be efficiently used as a primitive logic
blocks for ANNs implementations. From the early days of TL introduction and the first
emergence of TLGs till now many researchers have tried to design novel TLG circuits
and systems towards increasing the advantages and limiting its disadvantages that
this logic technique exhibits (i.e. no arbitrary function mapping etc.). As the number
of proposed TL circuits and systems is on the order of hundred we are not going to
present each one of these implementations in this report but instead we are going to
focus on some of the most important modern TLG, including the conductance-based
TLGs and the differential TLGs.

TLGs can be considered as one of the main example of implementing circuit emula-
tors of synapses-neuron circuits, thus a lot of effort has been focus in developing many
different designs, with some of the different implementations showcased by Pettenghi
et al. (2008a,b); Strandberg and Yuan (2000); Bobba and Hajj (2000); Leshner et al. (2010).
One of the most important early types of TLGs are the conductance or current-based
implementations. These type of TLG designs initiated during the mid-1940s, as shown
by Beiu et al. (2003b); Beiu (2003), through the introduction of MOSFETs-resistor cir-
cuits and exhibit important traits such as easy integration with conventional CMOS
Boolean logic gates (e.g. for the case of multi-type logic cascade) and robust and reliable
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operation. Later other conductance-based designs included different main comput-
ing components such as Bipolar Junction Transistors (BJTs) -based and fully MOSFET-
based TLGs, as shown by Beiu et al. (2003b). A closer examination in a number of
TLG designs can provide interesting insights regarding the main design methodolo-
gies adapted to implement digital artificial neurons. Additionally, the analysis and
dissemination of MOSFET-based TLG designs will clearly highlight the parts of the de-
sign that can be enhanced by using emerging post-MOSFET devices and post-CMOS
circuitry, as shown byBeiu (2000); Quintana and Rueda (1995); Beiu et al. (2003a,c).

The main computing concepts behind conductance-based TLG designs is the use of
a parallel reconfigurable network that can map a programmable conductance value
(i.e. parallel configuration of simple synaptic weight emulators) and, usually, a CMOS-
based gate is used as a thresholding element capable of firing when the total conduc-
tance is above a specific programmable threshold value. The thresholding element es-
sentially performs the comparison between the threshold and the combined weighted
input of the input network and is usually implemented with low-complexity circuits
such as a simple CMOS inverter, as shown by Beiu et al. (2003b,d). For the CMOS in-
verter to be programmable additional parallel pMOS and nMOS device are connected
to the circuit in order to configure on-the-fly the composite width of the pMOS (Wp)
and nMOS (Wn), for the pull-up and pull-down networks, respectively. This enables
the simple CMOS inverters to have a programmable voltage threshold on which the in-
verter switches between logic levels. There is a wide variety of different conductance-
based TLGs each one following design methodologies that enhance some characteris-
tics of the gate’s behaviour with each circuit configuration modifying some aspects of
the baseline TLG design, as shown by Beiu et al. (2003d); Beiu (2003). Usually the mod-
ifications are aimed at improving the speed and reducing the complexity and power
dissipation of each newer version of the TLG. At the same time, many of these modifi-
cations are related with specific MOSFET-CMOS design optimisations at a circuit-level.
Some of the early conductance-based TLGs have static power dissipation, thus they are
inefficient from a power consumption perspective especially when compared to avail-
able CMOS-based circuits. While many interesting ideas have been employed towards
the minimisation of static power consumption, the problem still exists in some designs
and the main focus at designing novel TLGs is at mitigating the power dissipation is-
sues through combinations of different design methods as well as the introduction of
small additional modifications on the operation cycle of the gate, as shown by Dara
et al. (2017); Leshner et al. (2010); Leshner (2010).

An important circuit evolution of the traditional TLG design methodology is the dif-
ferential design. Differential TLG designs are considered some of the most computa-
tionally versatile types of TLG mainly due to their capability in representing efficiently
both positive and negative weights (as well as positive and negative threshold/bias)
while at the same time retaining low-complexity design and generally occupying small
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chip area. At the same time, they usually providing easier methods for representing a
threshold value, for example as an additional network of MOSFETs, resistors, etc. in-
stead of the fixed CMOS (with pMOS and/or nMOS custom widths) inverter type of
thresholding element, as shown by Bobba and Hajj (2000). The early CMOS-based dif-
ferential TLGs are based in the employment of two MOSFET-based networks that map
the weighting per input. Due to the use of networks that connect MOSFETs in parallel,
a single MOSFET is considered a unity weight with different weights mapped with the
input being connected simultaneously to a larger number of parallel MOSFETs. Thus,
the use of MOSFET devices restricts the capability to efficiently represent a wide variety
of weights, especially weight values that are not derivatives of the unity weight. This
observation applies to all TLGs that base their weight mapping capabilities on MOS-
FET devices. Similarly to the basic design principles of conductance-based TLGs, a
differential design usually employs a CMOS-based thresholding circuit that compares
the weighted sum of one network against the weighted sum of the other network (thus
compares the competing differential networks). The main difference of the threshold-
ing element, as compared with non-differential designs, is that the comparator is made
to compare two voltage (for voltage-mode designs) or current (for current-mode de-
signs) signals that are competing with each other. Both of the competing signals are
generated by input vectors that control either a positive/negative input weight contri-
bution or a positive/negative threshold/bias contribution, as shown by Bobba and Hajj
(2000); Dara et al. (2017). In general, differential TLG solutions are capable of faster, reli-
able and, maybe more importantly, low-power operation compared to non-differential
implementations. The main advantage of the differential designs is mainly considered
the low power consumption since since the TLG can be optimised to perform the same
computation but with additional biasing signals to speed the comparison operation
and thus minimise the dynamic power dissipation. With total power consumption of
the TLG reduced sufficiently, some designs are considered as interesting alternative
to replace some Boolean CMOS networks, as shown by Beiu et al. (2003b); Leshner
et al. (2010); Maan et al. (2016). More specifically, TLGs can potentially can potentially
be considered as an alternative in circuits and systems where a network of reconfig-
urable majority gates can be beneficial for the delay and power consumption of the
system-level logic operation. This is especially important for implementing reconfig-
urable MAC networks, as discussed by Sebastian et al. (2020), thus TLGs are promising
candidates for implementing large ANNs, as shown by Krestinskaya and Pappachen
James (2018).

The first differential TLG design introduced in 1964, as shown by Beiu et al. (2003b,c).
This implementation was based on a resistor-diode (R-D) network as well as bipolar
transistor technology, with the R-D network mapping the weighting and the threshold
emulated by the characteristic of the BJTs, as shown by Beiu et al. (2003b). Since this im-
plementation many advancements in device technology and circuit design have been
performed and in many cases each new technology find its way as part of TL-based
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VDD

FIGURE 2.2: Schematic of LCTL design proposed by Strandberg and Yuan (2000).
Schematic adapted from Strandberg and Yuan (2000).

circuit implementations, as shown by Beiu et al. (2003d). Some of the more recent
CMOS-based TLG solutions are based on the use of CMOS sense amplifier (i.e. what is
essentially a large SRAM memory cell design) as the CMOS-based comparator circuit
which, being essentially a simple digital neuron, is emulating the thresholding element
that defines when to fire or not. The sense amplifier (a design usually found in con-
ventional DRAM and SRAM memory banks) can perform fast comparison operations
between the two competing differential signals through the use of a positive feedback
inverter circuit (i.e. CMOS-based latching element). Thus the same TLG output can
occur by using either direct or inverted inputs and through this process each output is
enforcing the final stable memory state of the sense amplifier. The sense amplifier de-
tects which signal is higher and amplifying this difference to a full voltage swing, thus
performing stable memory latching (i.e. bi-stable memory latching). The amplifier can
be tuned to detect very small differences between the competing signals and be sen-
sitive to low signal values, thus it can perform a fast latching while the input-weight
differential network will be charged with small voltages (i.e. lower than the supply
voltage VDD of the sense amplifier), as shown by Vrudhula et al. (2015); Strandberg and
Yuan (2000). Due to its design as a latching element, the sense amplifier can provide
simultaneously the output of the differential comparison (canonical output by conven-
tion) as well as its complement without any additional circuitry. It worth noting that in
most designs additional CMOS-based inverters are used for the sense amplifier’s out-
put for isolation, thus the TLG will cascade the output of the result of the computation
and not the competing signals pre-computation’s intermediate results (isolation from
the actual signals generated by the differential network).
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FIGURE 2.3: Schematic of CIAL design proposed by Hidalgo-Lopez et al. (1995).
Schematic adapted from Hidalgo-Lopez et al. (1995).

Some differential TLGs that followed the above-mentioned design methodology can be
found in the implementation of the Cross-Coupled Inverters with Asymmetrical Loads
(CIAL) proposed by Hidalgo-Lopez et al. (1995) and shown in Fig. 2.3. The CIAL TLG
was used as a digital comparators circuit to accelerate systems that otherwise will use
conventional Boolean logic gates. Additionally, another similar design approach can be
found in the implementations of the generic Latch-Type TL (LCTL) gates proposed by
Strandberg and Yuan (2000) and shown in Fig. 2.2. These differential designs showcase
a similarity in the method they implement their thresholding element, thus their neu-
ron emulator circuit, as well as the method the competing signals are generated. Specif-
ically, based on the input logic vectors controlling the differential parallel MOSFET-
based arrays, one of the two sensor nodes will be enforced to change state through
higher current flow (i.e. current mode operation). This is defined by the number of
parallel MOS devices being conductive at each sense-and-compare (i.e. essentially a
customised memory readout) operation. Through the implementation of differential
arrays, the TLGs can compare either two sets of input vectors or a set of input vector
and a set of threshold vector, thus providing flexibility of operation and much easier
programming of the threshold value compared to the earlier conductance CMOS-based
TLGs. Each input of threshold signal can be assigned to multiple parallel transistors,
thus increasing the contribution of this input/threshold to the comparison operation.
Furthermore, another different implementation proposed to improve the speed of the
LCTL circuit is the Cross-Coupled inverters with asymmetrical loads Threshold Logic
(CIAL-TL) design which sets its differential arrays outside of the sensing element (Fig.
2.4). A main difference with the LCTL and similar designs, similar to the designs shown
by Leshner (2010); Tripathi et al. (2017); Bobba and Hajj (2000), compared to the CIAL
and CIAL-TL designs, thus designs similar to the work by Hidalgo-Lopez et al. (1995);
Leshner et al. (2010); Beiu et al. (2003b), is the placement of the differential arrays. For
the case of the LCTL circuit category, the differential arrays are within the sense am-
plifier circuit path (similarly to the work by Bobba and Hajj (2000)) while in the CIAL
type TLGs the arrays are placed outside of the sense amplifier circuit. The CIAL-TL is
able of performing faster comparisons due to the avoidance of long feedback caching of
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VDD

FIGURE 2.4: Schematic of CIAL-TL design proposed by Leshner et al. (2010).
Schematic adapted from Leshner et al. (2010).

LCTL, as shown by Leshner et al. (2010); Beiu et al. (2003b). Another important part of
the TLG design methodology is the inclusion of small circuit modifications to the sense
amplifier comparator part towards of this whole family of circuits is that they need an
equalisation circuit to “initialise” the state of the sensor part before every comparison
(evaluation) the state of the sensor. The initialisation of the sensor part is in fact a tech-
nique of placing the latching element in an unstable state, i.e. both positive feedback
inverters are “pushing” logic ‘0’. When the differential values are introduced to the
sensor the latch is forced to take one of the binary possible states, thus “evaluating” the
differential input current flows.

It is important to note that the differential TLGs, similarly to most other modern VLSI
TLG designs that use deep sub-micron MOSFET devices, suffer from sensitivity to noise
as well as from process variations and device mismatch since essentially the compari-
son is between two analogue current/voltage values. This results in necessary limita-
tions to their maximum size of input/threshold vectors that they can use. Of course,
different techniques widely used in modern electronics to battle these issues can be
used in these types of TLGs as well. Techniques such as parallel arrays of same size
transistors (in order to lower the statistical parameter variations) as well as other ana-
logue layout and circuit design methods, can be used to increase the fan-in of the gates.
Such solutions increase significantly the chip area for implementing the same logic and
at the same time do not eliminate the computing reliability issues, as discussed by Beiu
et al. (2003b); Maan et al. (2016).

Regardless of these known issues that requires circuit design adaptation to mitigate,
differential TLGs are used extensively as the baseline design of TL circuit implemen-
tations. In recent decades, the introduction and utilisation of Current Mode (CM) dif-
ferential TLGs (CMTLG) attempts to further reduce power consumption as well as the
delay of computation, issues that usually affect TLGs, as discussed by Bobba and Hajj
(2000). During the early CMTLG implementations and due to attempts to minimise
the necessary MOS transistors needed to perform the operation, the sensor part, which
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FIGURE 2.5: Schematic of ECMTLG proposed by Bobba and Hajj (2000). Schematic
adapted from Bobba and Hajj (2000).
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FIGURE 2.6: Schematic of the DCMTLG proposed by Bobba and Hajj (2000). Schematic
adapted from Bobba and Hajj (2000).

decides the output of the gate, consisted of a half latch circuit (Fig. 2.5), as exhibited by
Bobba and Hajj (2000).

Some interesting differential TLGs that inspired many modern designs, such as the one
showcased by Dara et al. (2017), were initially introduced by Bobba and Hajj (2000).
These were the discharged CMTLG (DCMTL) (see Fig. 2.5) and the equalised CMTLG
(ECMTL) (see Fig. 2.6). The only difference between the two designs is the equalisation
circuit implementation, as shown by Bobba and Hajj (2000). For the case of DCMTL,
two parallel nMOS was connected in the sensor part, one per branch of the half latch
element to short-circuit the half latch nMOS (discharge them), while, for the case of
ECMTL, a nMOS transistor that connect the two half latch outputs, and equalise them
during the equalisation phase, was added. In a way, the basic concept was to incor-
porate a parallel array of pMOS components as the pull-up networks of the inverters
comprising the latch. Hence the TL enabling transistor array was “embedded” into the
actual sensor part. Additionally, for both DCMTL and ECMTL designs the addition of
a power gate that disconnects the circuit from the power supply during the equalisa-
tion phase was added to eliminate the static power consumption during equalisation.
At the same time, by using these half-latch structures static power consumption prob-
lems arise for the evaluation cycles, thus using full latching element for sensing and
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comparison in differential TLGs is an important aspect of the design. By using the
CMOS sense amplifier as sensor part the static power consumption during evaluation
phase (phase when the sensor outputs the result) is eliminated, as shown by Bobba and
Hajj (2000). Although the dynamic power consumption is an existing issue with the
sense amplifier (power dissipation during the state transition) implementations with
sub-threshold CMOS latches and differential weight banks could mitigate this issue, as
discussed earlier in this section.

Based on the aforementioned brief analysis of main CMOS-based TLG design advance-
ments throughout the recent years it is clear that extensive research has establish some
fundamental design methodologies for developing artificial neuron circuitry. The main
computation performed in TL circuits is centred around the comparison between the
two “competing” signals. In every TLG, the main design effort is found in the config-
uration of a low-complexity and low-power primitive classification circuit that applies
a decision boundary upon the input information. As expected this is exactly in line
with the primitive functionality of simple neural activity, thus these kind of circuits
are emulating simple logic components of what we observe being the method of the
nature to organise the biological data processing system around us. But the efficiency
of these transistor-based emulator of the biological intelligence is limited by our capa-
bility to manipulate signals in the nanoscale. Although the MOSFET is the component
that is driving the computer technology throughout the last 5 decades, it cannot easily
be incorporated into a system that will compete with the biological neural networks
in both performance and power consumption, as shown by McKee (2004); Ielmini and
Wong (2018). As emerging technologies mature, new concepts arise of how we could
build a better emulator of biological neural networks. In the following sections of this
chapter we are going to discuss how the introduction of RRAM in IMC, TLG and other
neuro-inspired circuits and systems provided novel solutions of ANN computer archi-
tectures.

2.5 Associative Memories and Data Conversion

Memory association is a very interesting mechanism found in biological neural net-
works. Similarly to the rest of the aforementioned design methodologies, memory
association is being investigated and transferred from the biological NNs to ANNs
and computer architectures. Essentially, we can consider memory association systems,
based on their computer architecture implementations, as a category of systems that
map a specific set of data to another set of data. The data can have the same or different
format, i.e. one set of data can be digital while the other analogue etc., with some such
example showcased by Alkabani et al. (2019); Karam et al. (2015); Yavits et al. (2015);
Zhou et al. (2019); Kaur (1998); Li et al. (2019).
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Although the memory association mechanism found in nature is relatively complex
and more research is required to enable a full understanding of the biological operation,
this has not impeded its adaption in modern circuits and systems design. Circuits and
systems that are inspired by the memory association mechanism are very popular and
have enabled the development of powerful computational circuits. Some examples
of this category of circuits can be found in the form of associative memories (AMs),
content addressable memories (CAMs), look-up tables (LUTs) etc., as shown by many
researchers including Alkabani et al. (2019); Karam et al. (2015); Junsangsri et al. (2017);
Ullah et al. (2012); Guo et al. (2017); Xie et al. (2016); Hongal et al. (2014).

The introduction of novel memory technologies enables new possibilities of enhanc-
ing the computational capabilities of associative memory circuits. Through associative
memories we can perform data conversions between different data sets. In the case
we introduce devices capable of performing computing in the analogue domain, such
as in the case of RRAM devices, then we can integrate physical data conversion oper-
ation simultaneously with other data processing. This has the potential of mitigating
the disadvantages of using CMOS-based data converters, thus providing gains in area
and power dissipation of hybrid RRAM-CMOS systems.

2.6 Metal Oxide Resistive Memory Technology

Although the MOSFET-based circuits and systems design enabled the current advances
of digital computing and became the catalyst for significant gains of computational
power in computer architecture, new technologies are in need towards performing a
similar increase in computational jump for the next generation of computing systems.
Many emerging technologies are being actively investigated towards enhancing our
understanding regarding their capabilities and limitations. An increasingly larger focus
is being given to the family of emerging memory technologies since developing novel
solutions for mitigating the von Neumann ”memory wall” issue is being considered of
high priority in future computer architecture designs.

Over the last few decades, memory has become the forefront of novel computer solu-
tions. Many approaches aim at increasing the performance of computers while keep-
ing the power consumption low by introducing new memory technologies to existing
system designs. At the same time, other approaches aim towards eliminating archi-
tectural inefficiencies of conventional computer, such as the von Neumann bottleneck
(”memory wall”) occurred due to the separation of logic and memory, as discussed
in Section 2.3. Many different technologies are suggested as promising candidates
in novel systems that rethink the design of the fundamental computing components.
One of the most interesting memory device category is RRAM (Resistive Random Ac-
cess Memory) also known as part of the memristor family of technologies. RRAM
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family of devices have a rich history firstly introduced mathematically as concept, as
shown by Chua (2014), and then as early attempts to develop non-volatile switches by
Strukov et al. (2009). In the last decade since the reintroduction of RRAM as a promi-
nent nanoscale non-volatile memory element, as exhibited by the work of Strukov
et al. (2009, 2010), many circuits concepts and designs around the use of analogue
non-volatile memory matured due to the rapid advancements in RRAM technology.
Nowadays it is considered by many as one of the most significant technologies that can
relatively soon be integrated into computer design to introduce novel post-von Neu-
mann architectures, such as the designs proposed by Santoro et al. (2019); Kvatinsky
et al. (2012); Chua (2014, 2015); Prodromakis et al. (2011); Mehonic et al. (2020).

For more than a century, experimental clues have been accumulated that indicate that
for some electronic devices a “strange” electrical characteristic appears within the oth-
erwise “normal” behaviour, but these observations were usually overlooked as some
sort of defectiveness of some device’s mechanism or in random events of device fabrica-
tion, as discussed by Prodromakis et al. (2011). It took many decades, as highlighted by
Sebastian et al. (2020), from the early observations of uncommon device behaviour ob-
servations to the final establishment of the circuit theory around this group of ”stange”
circuit responses by Chua (2014) who, through this work, described the behaviour of a
new fundamental electronic device. In the work of Chua (2014), it is highlighted that
there should be a fourth ”missing” fundamental electronic element that cannot be em-
ulated by any combination of the other three circuits. The term for this fundamental
components was memristor, as introduced by Chua (2014), an abbreviation for words
memory resistor, and it was considered the electronic equivalent of a connecting link
between magnetic flux and electric charge, similarly to how a resistor element is con-
necting the voltage with the current. The basic reason that memristor is defined as
fundamental, while still maintaining unique traits that other fundamental circuits do
not have, is due to its inherent behaviour of “remembering” the amount of voltage ap-
plied on it and for how long, thus preserving memory of its past (see Fig. 2.7 for an
example of a memristor’s behaviour), as showcased by the initial findings of Strukov
et al. (2009).

The fundamental mathematical observation and concept was materialised in the form
of resistive memory, a technology investigated for many decades but was re-introduced
in the last decade with a relatively recent research of a specific RRAM type by Hewlett
Packard Laboratories (HP Labs) in 2008. In this more recent analysis of the RRAM
devices, the connection with the memristor theory was established which enabled re-
searchers to better understand the role of these devices not just as a replacement of
conventional memories. With the findings of HP Labs’ RRAM device as well as the
many different configurations of resistive memory device structure and technology de-
veloped in the following years, the start of a new era for emerging memory circuits
and systems was enabled, as highlighted by Ielmini and Wong (2018). As discussed
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by Strukov et al. (2009), the fundamental structure of the RRAM was two-terminal tita-
nium dioxide-based (TiO2) capacitor-like Metal-Insulator-Metal (MIM) device, which
behave with a similar characteristic pinched hysteresis loop thus having memory be-
haviour. Since this initial RRAM configuration many more MIM-based RRAM devices
have been proposed with most of these device having a similar structure as showcased
by Strukov et al. (2009).

The link between the theory and the practical implementation of RRAM technology is
continuously reinforced through an increasing number of research findings proposing a
wide variety of devices, circuits and architectures especially over the last decade based
around the RRAM device, as shown by Prodromakis and Toumazou (2010). One of the
most important applications of RRAM is the efficient emulation of the synaptic weights
of a biological brain, with an example shown by Zhang et al. (2020b). This is achieved
through its ability to assume continuously programmable conductance state, based on
the voltage that is applied to its terminals, and retain that conductance state if not
further voltage is applied. Furthermore, the capability to store multi-bit information
on a single device renewed the interest in developing multi-valued memory modules
capable of storing large amounts of data, as shown by Xia and Yang (2019); Zhang et al.
(2020b). Hence, by replacing conventional memory elements with RRAM an important
re-examination of ANNs-based computers set in motion, as shown by Sebastian et al.
(2018).

The development of materials and devices that exhibit memory-resistive (memristive)
behaviour, and thus can be utilised as RRAM, is an active area of research. Many of
RRAM behavioural features are still fine-tuned with continuous advances in the re-
spective technology and usually different types of RRAM have a unique set of traits
and advantages (over competing technologies) as well as characteristics that require
further improvements. RRAM devices can be implemented with many different meth-
ods and techniques with many recent research findings suggesting a wide variety of
different materials and implementations, as shown for example by Stathopoulos et al.
(2017); Pi et al. (2013); Li et al. (2015). We consider that a main feature for RRAM spe-
cific implementations is the MIM design. Additionally, most of the proposed RRAM
device designs have common traits such as the low-power operation, the compatibil-
ity with existing MOSFET-CMOS technologies and the compact form factor that en-
ables dense arrays of such components, as discussed by Kvatinsky et al. (2012); Chua
(2015); Strukov et al. (2010). The presentation and analysis of the technology details
behind the development of RRAM devices is out of scope with regards to this thesis.
We can gather from literature how important RRAM technology is considered among
researchers that work towards integrating MOSFET-CMOS with emerging memory de-
vices and circuits, as discussed by Sebastian et al. (2020); Li et al. (2015); Ielmini and
Wong (2018). The foundations of most of these proposed concepts and implementa-
tions is centred around the effort of enhancing computers through a technology-level
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FIGURE 2.7: Die photo of RRAM devices developed by Stathopoulos et al. (2017) and
example behaviour of multi-state programming of the devices (details of the experi-

ment and detailed device response are exhibited by Stathopoulos et al. (2017)).

co-operation between the RRAM and MOSFET.

One of the most important traits of the the RRAM devices is scalability. RRAM can
be easily organised into dense memory arrays due to its small feature size. In litera-
ture we can find preliminary findings suggesting very small (nanoscale) RRAM feature
sizes with capabilities in scaling below the available MOSFET feature size, as discussed
by Stathopoulos et al. (2017); Pi et al. (2013); Li et al. (2015). The implementation of
crossbar circuit topology is one of the most well-documented method of organising
RRAM memory arrays in dense configuration. A significant issue raised in the case of
crossbar arrays is the sneak path problem. The behaviour of crossbar RRAM system
can be essentially simplified to that of a resistive network. Hence, if the crossbar is not
appropriately controlled, signals will cross-talk through different RRAM devices and
charge different nodes from the ones we want to access. Thus appropriate design of the
whole circuit with careful examination of the crossbar programming/reading schemes
and accompanying selector devices should be performed before a RRAM-based system
implementation. Towards enhancing the control of the memory components, the in-
troduction of the 1-transistor-1-RRAM (1T1R, also referred to as 1-transistor-1-resistor
or 1-transistor-1-memristor) components to organise dense RRAM memory banks is
used. The 1T1R component will be examined more extensively in later sections and its
behaviour will be tested in the circuits presented later in this study.

An important aspect of understanding the physics behind the intrinsic behaviour of
the RRAM devices is the need to develop realistic and useful models of the RRAM to
incorporate into a digital laboratory for testing circuit and systems performance be-
fore the practical circuit implementation, as shown by Hajri et al. (2017, 2020); Xia and
Yang (2019). In the last decade, many different models for RRAM devices have been
proposed. A variety of RRAM models, similarly to other non-volatile memory device
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families, has been extensively studied in the literature showcasing a wide variety of
different behaviour (i.e. binary, analogue, non-linear, etc.), as shown by Reuben et al.
(2019); Biolek et al. (2016); Reuben et al. (2017).

The fundamental RRAM behaviour can be described by the following mathematical
differential equations for a current-controlled RRAM device:

v = R(w)× i (2.1)

dw/dt = i (2.2)

, where w is the state variable of the RRAM and R is a generalised function of the
RRAM resistance. The RRAM resistance is dependant upon the state of the device.
Starting from this basic general theory form much effort has been dedicated in devel-
oping better RRAM models based on the observable behaviour studied under different
RRAM device implementations with only few of the available model showcased by Bi-
olek et al. (2009); Hajri et al. (2020); Prodromakis et al. (2011); Biolek et al. (2013); Kolka
et al. (2015); Siemon et al. (2019); Reuben et al. (2019).

One of the most recent RRAM models that showcase the increasing maturity of the
device modeling area of research can be found by Messaris et al. (2017, 2018, 2019).
In the work by Messaris et al. (2018), a flexible data-driven voltage-dependent RRAM
model is showcased. The model is build for simulating devices exhibiting non-volatile
memory behaviour and bipolar switching operation, as shown by Messaris et al. (2018);
Hajri et al. (2020). The model is also centred around empirical measurements of the
RRAM devices aimed to simulate with the measurement being performed through the
employment of ArC One instrumentation board (developed by ArC Instruments, UK)
which is showcased by Serb et al. (2014). The mathematical description of the model
is based on the following differential equations, a system that is based on the simple
fundamental mathematical model of the memristor element:

i(R, v) =

{
αp(1/R) sinh(βpv) v > 0
αn(1/R) sinh(βnv) v ≤ 0

(2.3)

dR/dt = g(R, v) = s(v)× f (R, v) (2.4)

From equation 2.4, we can further explain the s(v) sensitivity function and the f (R, v)

window function. These equations are reproduced below for convenience. More infor-
mation with regards to the exact methodology of developing the specific model can be
found in the work by Messaris et al. (2018, 2017).

s(v) =

{
Ap(−1 + εtp|v|) v > 0
An(−1 + εtn|v|) v < 0

(2.5)
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f (R, v) =

{
−1 + εηκp(rp(v)−R) v > 0
−1 + εηκn(rn(v)−R) v < 0

(2.6)

An example of the model behaviour can be seen in Fig. 2.7 which is adapted from an
example presented by Stathopoulos et al. (2017). The model presented in Messaris et al.
(2018) is capable of emulating accurately the behaviour of RRAM devices. Although it
is build with specific RRAM technology in mind, as exhibited by the combined find-
ings of Messaris et al. (2018); Stathopoulos et al. (2017), the model itself is very flexible
and can be adapted to accurately simulate the intrinsic behaviour of many different im-
plementations of RRAM devices, as shown by Messaris et al. (2018). Furthermore, the
modeling is focused in many aspects of the intrinsic behaviour of the RRAM devices
such as non-linear behaviour for the below-threshold region of the RRAM current-
voltage characteristic behaviour.

An important note is that, similarly to some other modern RRAM models, the model
by Messaris et al. (2018) is developed in Verilog-A and can be easily integrated into cir-
cuits and systems simulations in Cadence Virtuoso environment (Spectre simulation).
The use of Verilog-A to describe the RRAM behaviour is important since it is a new
emerging standard for device modeling in the semiconductor industry and enables the
easy and flexible simulation of electronics.

Furthermore, one of the most important features of the model of Messaris et al. (2018) is
the capability to be fitted to specific RRAM device response. The model can be adapted
to specific observed RRAM behaviour by changing appropriately the fitting parameters
of the model through a specified fitting process. The fitting process includes the mea-
surement of the RRAM’s response under specific stimulus, as shown by Messaris et al.
(2018). Additionally, an algorithm has been developed to translate the data from the
fitting measurements to the fitting parameters of the Verilog-A model discussed and
showcased byMessaris et al. (2018). This fitting process alongside the high-precision
of the model enables the simulated instances of the RRAM devices to capture many
interesting parts of the RRAM device’s behaviour such as the non-linearity, etc.

2.7 RRAM-based Logic Circuits

Although we have discussed the importance of emerging technologies, such as RRAM
devices, we need to introduce some of the most importance design methodologies for
logic and memory circuits using RRAM. Through the exploration of RRAM-based cir-
cuit designs a better understanding of how conventional designs of memory systems
can be adapted towards implementing neuro-inspired modes of computing, as shown
by Zidan et al. (2018). The RRAM-based logic circuits have recently been adapted to so
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many implementation that the organisation into circuit families is necessary, as shown
by Mehonic et al. (2020). Additionally, the introduction of specific design methodolo-
gies of employing RRAM devices in circuits need to be explored before delving into the
different circuit groups.

Although RRAM devices exhibit important traits compared to conventional memory
components, the specific characteristics of RRAM need to be examined towards being
capable of integration into circuits and systems. Due to the inherent analogue nature
of the RRAM devices, a networks of RRAM-based circuits is essentially a resistive net-
work where nodes are connected with a variable programmable resistance, as exhibited
by Stathopoulos et al. (2017). This can create problems in dense memory arrays (e.g.
crossbar arrays) when attempting accessing/reading specific parts of the RRAM-based
resistive networks (i.e. accessing in parallel a memory word-line or multiple word-
lines for IMC schemes). This is due to the existence of parasitic paths in the network
and the lack of sufficient control to guide the accessing signals over the required path
by using only the RRAM devices themselves. The above-mentioned requirements can
be fulfilled by the usage of a versatile and programmable basic building component
inspired by conventional DRAM memory design (i.e. 1-transistor-1-capacitor), the 1-
transistor-1-RRAM (1T1R) composite circuit which is widely used by many different
implementations, as shown for example by Ielmini and Wong (2018); Mehonic et al.
(2020). An example array of such structure can be seen in Fig. 2.8. The 1T1R can be con-
sidered as a fundamental memory and computing circuit which is based on the serial
connection of its digital mask, implemented by the MOSFET part, that is enabling or
disabling the access to the RRAM device and the analogue weight, implemented by the
programmable RRAM element acting as a trimming element that increases/decreases
the contribution of the signal passing through. The 1T1R unit can naturally perform the
multiplication of a voltage signal passing through a binary transistor-based mask and
the RRAM-based weight (i.e. physical occurrence of Ohm’s law). In other words, we
have two current flow regulation elements, one acting as a controllable access point for
the second element, the non-volatile memory. This primitive computational unit can
be used to build resistive networks that can map complex logic functions, as shown by
Mehonic et al. (2020); Sebastian et al. (2020); Maan et al. (2016).

Many different RRAM-based logic gates have been proposed using different configu-
rations of RRAM-based networks, such as simple and dense RRAM passive arrays (i.e.
use of only RRAM devices for the logic and/or memory network), universal hybrid
MOSFET-RRAM gates, custom CMOS circuits enhanced with RRAM for specific appli-
cations, etc., studied by many researchers including for example the work by Kvatinsky
et al. (2014); Serb et al. (2017); Kvatinsky et al. (2012); Xie et al. (2017); Kim et al. (2019);
Vourkas et al. (2016); Vourkas and Sirakoulis (2016). The common characteristic for
most of the proposed techniques is the use of RRAM devices simultaneously as mem-
ory components as well as logic switches. Thus, the main effort towards exhibiting
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FIGURE 2.8: Schematic of a 1-transistor-1-RRAM (1T1R) array that is employed for
building active RRAM-based memory arrays. The use of accompanying MOSFET de-
vices as selector devices enable the better control of the access of the RRAM devices
and eliminates issues such as the parasitic sneak-path problem that occurs in passive

arrays Vourkas et al. (2016).

RRAM-based logic is focused around the implementation of IMC systems. The RRAM
as logic switch can be operated both as digital or as analogue (multi-valued) comput-
ing element depending on the device technology as well as on the logic/control scheme
employed per computing paradigm. With the RRAM devices being essentially a can-
didate for future non-volatile memory components the need for RRAM-based circuits
to be adapted in designs easily integrated within a dense memory array is in many
cases an important parameter of the design methodology. As discussed previously,
the crossbar array organisation is one of the most widely used topologies for RRAM
logic networks since it provided the maximum component density for a given area of
integration, as shown by Papandroulidakis et al. (2017); Xie et al. (2015); Truong et al.
(2016a); Hu et al. (2014). At the same time, other designs are less focused towards
adapting logic inside memory but instead follow a different method in implementing
IMC-like computing schemes into logic data-paths. Hence, many novel RRAM-based
computing schemes are introducing RRAM devices into logic circuits, thus bringing
neuro-inspired elements into standalone gates. Of course, the different design configu-
rations depend mainly in the need and/or capability to implement massively parallel
simpler gates or fast serial complex logic functions. In both methods, the RRAM de-
vices greatly enhance the capabilities of the circuits (for the cases of adapting existing
designs with additional RRAM devices) or provide novel ways of computing.

The different implementations can be categorised based on how they operate (voltage
or resistance -based logic) as well as if they are used for storing/computing binary or
multi-bit information. Many of these features are dependent not only on the application
under test but on the actual RRAM technologies employed for each implementation.
It is worth mentioning that in many cases other technologies similar in functionality
with RRAM are employed in similar circuit configurations (i.e. Phase Change Memory
(PCM) is another important emerging Non-Volatile Memories (NVM) that is consid-
ered part of the memristor family of technologies). With regards to the main design
methodologies for NVM-based logic circuits and systems, most of the related work can
be considered essentially as technology-agnostic with the selection of a specific NVM
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FIGURE 2.9: Schematic of a RRAM-based passive array that can implement IMPLY
logic.

technology defining the exact requirements and limitations of the design under test. In
the work by Kvatinsky et al. (2011, 2014), some interesting RRAM-based logic circuits
are proposed showing the capabilities of resistive networks to map logic functions. An
important RRAM-based logic has been proposed by Kvatinsky et al. (2012) in the form
of the MAGIC gates. A MAGIC gate is operated in a digital fashion making use of
a high ON/OFF state ratio of the RRAM devices to form resistive networks that per-
form logic operation. The operation of MAGIC gates requires the programming of
RRAM during the logic operation (also known as ’stateful’ logic). Another important
technique is the IMPLY logic that can be easily mapped in a RRAM-based array, as
showcased by Siemon et al. (2019); Linn et al. (2013), to perform massively parallel IM-
PLY operations cascading more complex logic functions through multiple computation
steps. These techniques requires high ON/OFF RRAM state ratio and the usage of pro-
gramming voltages (usually much higher that reading voltage pulses) to perform logic
operation in-situ. Logic design techniques similar to the IMPLY-based logic mapping
on RRAM-based memory arrays have been proposed by Rahman et al. (2016); Lalch-
handama et al. (2016). Other work that base their primitive gates in the MRL design
Kvatinsky et al. (2012) have been proposed showcasing how additional circuits and sys-
tems can be implemented using this low-complexity RRAM-based networks, as shown
by Qu et al. (2019); Emara et al. (2016); Teimoori et al. (2016).

Another prominent method of implementing logic circuits using RRAM can be found
in the form of dot-product based operations with program-once-read-many operation
scheme applies. This method is usually found in RRAM-based ANNs solutions as
well as in other neuro-inspired systems whose computing greatly depends on massive
parallelism of operations such as multiplications, as shown by Hu et al. (2018, 2016b);
Lastras-Montaño et al. (2017). One of the most important and low-complexity logic cir-
cuits of this category is the TLG which can employed to perform massively parallel neu-
ral emulation operations inside the memory, as shown by Mozaffari et al. (2016); Mozaf-
fari and Tragoudas (2018). Although there are many different techniques included in
this family, the main computation concept is based in the neuro-inspired RRAM-based
weighted multiplication and the use of a neuron emulator including thresholding ele-
ments (i.e. CMOS inverters, latches, operational amplifier-based comparators, etc.), as
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shown by Papandroulidakis et al. (2018); Dara et al. (2013); Cheng and Strukov (2012).

Modeling a neuron behaviour into circuits, that fires when the input reaches a thresh-
old, has resulted in the TLG design paradigms that have been the basis of many CMOS-
based ANNs implementations, as shown by Beiu (2000); Beiu et al. (2003b); Bobba
and Hajj (2000); McCulloch and Pitts (1943). Scaling issues of the MOSFET/CMOS
technologies and reconfigurability limitations, both important traits for ANN design
towards implementing large networks that are easily re-programmable, resulted in a
continuous search for emerging technologies that could eliminate or at least mitigate
these issues, as discussed in Section 2.4. As showcased in Section 2.6,it has been found
that some of the best synaptic weight emulations can be implemented using emerging
non-volatile memory (NVM) technologies, such as PCM, RRAM, etc. and other tech-
nologies that are part of the memristor family. By using these components many neuro-
inspired computing concepts gain important new traits by taking advantage the ben-
efits of NVM memories, such as the small area of integration, low-power non-volatile
operation and multi-state (i.e. capable of handling analogue information) storage per
single cell. The NVM traits of nanoscale size and analogue behaviour helped with
the area and power constraints of large ANN networks since these devices were able
to emulate, in a much more efficient manner, what was previously achieved through
large MOSFET-based circuits. Many such implementations are centred around the
RRAM technology which can employed efficiently as synaptic emulator into the in sil-
ico neuro-inspired classifiers, as shown by Krestinskaya and Pappachen James (2018);
Mehonic et al. (2020), thus TLGs as well Maan et al. (2016).

As discussed previously, the 1T1R can be used as a primitive computing element of
RRAM-based arrays. The employment of 1T1R networks in ANN implementation,
a similar primitive block to other RRAM-based logic solutions, is due to the use of
RRAM-based crossbar arrays in the physical computing of MAC operation. More
specifically, the 1T1R array can easily perform a physical parallel MAC operation through
the application of multiple voltage signals at the bitlines of the array and with the final
accumulated output at the word-line. The main operations of multiplication and ac-
cumulation are performed physically through the Ohm’s law and the Kirchhoff’s law,
respectively, as discussed by Jeong and Lu (2018). The accompanying MOSFET de-
vices are used usually for logic masking purposes, thus selecting which RRAM is part
of the physical multiplication. Due to these inherent characteristics of both the RRAM
technology and its preferred organisation into larger hybrid RRAM-MOSFET systems,
researchers have been able to exploit more efficient methods of building reconfigurable
and brain-inspired circuits and systems. The 1T1M is a better building block for devel-
oping memory-centric computer systems and architectures (such as ANNs etc.) where
the co-locality of logic and memory and on-the-fly reconfigurability are essential. The
non-volatility and scalability of RRAM devices are important for ANN applications, as
discussed by Ielmini and Wong (2018); Sun et al. (2018a). Simultaneously, the ability of
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the RRAM-based circuits to replace relatively complex CMOS circuits like CMOS-based
memory cells, CMOS adders etc. can potentially lead to miniaturisation of previously
slow and power-hungry systems, as shown by Tran et al. (2012); Adhikari et al. (2012).

An important part of the RRAM-based ANN design is the exploration and analysis
of the simplest circuit implementations that operate under the notion of data classifi-
cation and can easily be integrated inside the memory, thus showcasing potential for
being scaled-up to an IMC-based ANN architectures, as highlighted by Maan et al.
(2016). These RRAM-based TLG designs where the basic concept of replacing com-
plex and large CMOS-based synaptic and neuron circuits with RRAM-based equivalent
ones. The implementation of some of these concepts is aimed mainly towards design-
ing primitive synapse-neuron emulator for use in large ANNs or simply the design
of basic computing blocks for developing IMC accelerator working alongside conven-
tional computers. Regardless of the exact aim of each implementation, all of the sug-
gested solutions are build around some common methodologies and all of gates can be
assigned in a unified family of logic circuits.

A low-complexity (thus capable of being integrated into small chip area) RRAM-based
TL circuit implementation was introduced by Rajendran et al. (2011). In that design
each input of the input vector is connected to a composite circuit with a RRAM device
(implementing fully analogue synaptic emulators) and a current mirror circuit in se-
ries. The RRAM device is used as the weight based on which the input is multiplied,
while the current mirror ensures that there will be no short between two inputs in one
input is connected to logic ‘1’ and the other to logic ‘0’, thus ground. The threshold
value is represented here by a current source connected to a current mirror, as shown
by Rajendran et al. (2010, 2011). All the outputs of the current mirror circuits (both for
the inputs and the threshold) are connected to a common node which is used to drive a
CMOS inverter network. The first CMOS inverter is used as a sense output circuit thus
performing the thresholding operation based on the composite current of the common
input node (i.e. circuit node that all RRAM-MOSFET branches are connected). The rest
of the CMOS inverters in the output network are connected serially to the sense output
inverter and are employed for isolation as well as for performing the complementary
output of the gates canonical output (i.e. inverter-driven comparison result). As pro-
posed by Rajendran et al. (2010, 2012), such TL circuit have the potential of replacing
Look Up Tables (LUTs) due to lower power consumption and much smaller area of
integration.

Another important TLG design is the programmable TLG proposed by Gao et al. (2013b).
The circuit uses a hybrid RRAM-CMOS circuit that is showcased in performing sim-
ple TL operations such as NAND and NOR, thus implementing TL-based universal
gates for replacing larger CMOS networks. Compared to traditional implementation
of CMOS-based universal gates, this implementation has a higher fan-in, thus being
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FIGURE 2.10: Schematic of Memristor-based Threshold Logic (MTL) design proposed
by Rajendran et al. (2010).

able to perform a TL function for large input vectors. The RRAM-resistor input net-
work is performing a ratioed logic operation where the RRAM devices are connected
to the input vector, while the resistor defines the pull-down contribution. The CMOS
D Flip-Flop (DFF) is used as the comparator part of the TLG that senses the output of
the intermediate node. The in-place reconfigurability of the gate is crucial for its high
adaptability to workflows, as shown by Maan et al. (2016).

Although the main focus of this work is around circuit-level implementations of hybrid
RRAM-CMOS neuro-inspired designs, it is important to provide the basic computing
architecture where these circuits will be incorporated. The main computing concepts
followed for the organisation of these gates is usually found inside memory system (i.e.
IMC paradigm). Thus, the hybrid RRAM-CMOS circuits are usually part of a larger
RRAM-based IMC architecture, as discussed by Ielmini and Wong (2018); Sebastian
et al. (2020); Mehonic et al. (2020); Gallo et al. (2017). The main IMC neuro-inspired
features were presented in Section 2.3 but it will be useful for establishing the design
methodologies specifically of RRAM-based IMC towards providing a brief analysis of
higher-level RRAM-based system implementations.

An interesting RRAM-based IMC design is proposed by Halawani et al. (2019). In this
work, Halawani et al. (2019) showcase a RRAM-based crossbar memory is used for
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designing ANN accelerators in real-time search engine applications. A low-complexity
RRAM networks (forming a simple voltage divider topology) is used to perform XNOR
Boolean operations using appropriate voltage reading signals as well as specific resis-
tive memory configurations (thus implementing a ’stateful’ logic scheme). The con-
cepts are combined to showcase a novel CNN for feature extraction.

Another important RRAM-based IMC system is showcased by Gallo et al. (2017). In
this case, Gallo et al. (2017) showcase an mixed-precision RRAM-based system that
bypasses the limited precision of the RRAM devices. The RRAM-based IMC is capa-
ble of massively parallel and high-throughput operations. This speed and parallelism
is exploited by the RRAM-based IMC accelerator to perform multiple operations on
the same data until the error with the pre-calculated ideal output is very small. An
integrated CMOS-based high-precision systems is also used near the IMC for a final
processing.

A similar category of RRAM-based IMC accelerators can be found in the work of Shafiee
et al. (2016). In this work, Shafiee et al. (2016) shows a CNN accelerator implemented
using RRAM devices for IMC analogue computing. The main computing performed
by the RRAM-based memory is the dot-product operation. The operation is performed
in the analogue domain with CMOS data converters employed to connect the analogue
IMC with the rest of the conventional CMOS-based CNN implementation.

From a brief examination of the above-mentioned IMC designs it can be identified how
the hybrid RRAM-based neuro-inspired circuits are highly tuned for memory-centric
implementations and can provide improvements over older CMOS-based IMC com-
puters, as discussed by Ielmini and Wong (2018); Sebastian et al. (2020). RRAM’s ana-
logue nature and easy integration in massively parallel arrays, that can perform physi-
cal computing, as shown by Xia and Yang (2019); Burr et al. (2017), are key features of
many RRAM-based IMC implementations. Thus, the introduction of DRAM-like cross-
bar memory array to organise dense RRAM-based IMC systems is considered by many
the main topological design of novel neuro-inspired computer architectures aimed for
the basis of novel IMC paradigm.

2.8 Conclusions

In this technology background examination, I identified the main computational con-
cepts that define the neuro-inspired circuit and systems design methodology. A selec-
tion of different neuro-inspired circuits was presented and discussed towards analysing
and disseminating the practical implementation methodology of these family of cir-
cuits. An initial analysis of the MOSFET/CMOS designs was presented and after the
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introduction of the RRAM device theory and technology a group of hybrid RRAM-
CMOS neuro-inspired circuits were presented towards showcasing the enhanced capa-
bilities of the hybrid designs. The review presents in detail some of the most important
memory and logic co-location systems and explains in detail how RRAM can have an
important role in expanding their capabilities for data processing. Another area of
focus, highlighted in this review, is the enhanced reconfigurability provided by such
hybrid system design with examples of what neuro-inspired reconfiguration in elec-
tronics looks like and how the traits of RRAM can help in designing novel solutions. A
main example of logic gates that gather all the aforementioned traits and benefit from
RRAM are the TL-based circuits, with an extensive review of their CMOS-based design
and their memristively-enhanced counterparts being provided in this chapter.

Although there are many important computing concepts proposed based on the use
of 1T1R computing-memory array, the majority of such circuits are implemented and
studied mainly in computer simulations, as highlighted by Maan et al. (2016). Hence
the practicality of these suggested designs needs experimental demonstration using
proof-of-concept circuits of these concepts. This is especially important when novel
and hence more mature RRAM technologies are introduced, thus the experimental val-
idation of many RRAM-based circuits, that require specific traits not available at the
time of the design proposal, is possible. It is really important after establishing the
fabrication of a stable continuously tuneable RRAM technology to study the practical
real-world constraints found in the physical hardware implementation of such circuits
and research in depth what are the requirements and what are the real-world responses
of the RRAM based TL.

Neuro-inspired circuits are based on simple and fundamental data processing opera-
tions such as vectors multiplications, accumulation and comparison, operations that
can be found in relatively simplified versions of the showcased model for synaptic and
neural activity, i.e. in TLGs. Although, MOSFET technology is used extensively for
many different in-memory and neuro-inspired implementations, the addition of emerg-
ing technologies is considered highly beneficial. This is especially true if we closely
examine the circuits based on transistors-RRAM presented throughout this chapter.
An important concept that needs to be thoroughly investigated is deconstruction of
the more complex neuro-inspired gates towards identifying primitive circuit structures
that can be exploited in providing new levels of reconfigurability in systems design.
Towards satisfying that need and based on the existing work I am proposing my con-
tributions regarding primitive RRAM-based data processing circuits and systems in the
following chapters.
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Chapter 3

RRAM-Based Reconfigurable MAC
Circuit for IMC systems

In this chapter, I am showcasing the design and behaviour of a RRAM-based Multi-
ply and Accumulate (MAC) circuit. Initially, I am briefly discussing some of the de-
sign methodologies of the state-of-art Multiply-Accumulate (MAC) circuits alongside
their most common architectural organisation into IMC accelerator systems. Then, I
am presenting and discussing the mapping of the different operational modes of a low-
complexity hybrid RRAM-CMOS circuits based on the placement of the components
in the topology. In order to develop a system that accommodates the ever-increasing
requirements for accelerator systems, such as IMC accelerators, I am proposing the
design of a primitive digital-in-analogue-out MAC circuit mixed signal gate that is in-
spired by a simple memristor-based linear neuron model circuit. This gate showcases
all the necessary traits towards being employed as a primitive and programmable logic
gate for the next generation of reconfigurable computing systems.

I am providing hardware implementation to validate the RRAM-based MAC circuit
that can map different memristor-based logic techniques on that primitive logic gate
topology. The memristor logic is implemented as a reconfigurable memory-dependent
voltage divider circuit. An adversarial memristor-based voltage divider is used to pro-
vide a biasing/thresholding signal against which the intermediate node voltage of the
memristor logic topology is compared against. The design and operation of the pro-
posed gate and both experimental measurements of a practical implementation and
simulation of an example configuration of the gate are presented. Real RRAM devices
are characterised and appropriate fitted parameters are extracted to introduce a realis-
tic memristor behaviour into the simulation environment. Finally, a circuit-level design
of a voltage racing Winner-Take-All circuit is simulated based on the fitted memristor
models and the proposed RRAM-based MAC circuit with the MAC circuit being em-
ployed as a programmable RC generating circuit.
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3.1 Multiply and Accumulate Circuits Design Methodology

As discussed in Chapter 2, many of the most demanding computer algorithms are
based around the MAC operation. MAC is as a cornerstone logic operation for many
computer applications that are based on data classification, filtering, neuro-inspired
computing, etc., as discussed by Furber (2016); Indiveri and Liu (2015). Different im-
plementations of MAC circuits have been proposed based on different combinations
of weighted or unweighted multiplications with digital or analogue inputs. Most of
the MAC circuits and systems suggested over the years are based on conventional
MOSFET and CMOS technologies that have defined computers for more than 40 years.
Their circuit design is based around the conventional DRAM and SRAM technologies
and their fundamental computation concept is based on neuro-inspired circuit design
methodologies. One of the earliest examples that showcases the relation between MAC
operations and ANNs can be found in the work by McCulloch and Pitts (1943) where
the concept of the perceptron was introduced. More recent implementations suggest
artificial synapse-neuron circuits with analogue output, as proposed by Douglas et al.
(1995); Indiveri (2001); Indiveri et al. (2006). The concept of MAC operation can be
found even in the traditional Boolean logic gates where the multi-input AND/NAND
and OR/NOR gates can be interpreted as simple unweighted implementations of MAC
circuits with an added activation function that compares the relative position of the
MAC result to a specific threshold.

A very important family of primitive circuits designed specifically for performing MAC
operations is the neuro-inspired artificial neuron category of circuits. Over the last
decades, the artificial neuron circuits has been implemented in many different forms
for a wide variety of computer applications. Currently with the advent of novel circuit
design methodologies and computing devices, neuron emulators have been evolved to
become one of the most important hardware solutions for performing massively par-
allel MAC operations usually inside IMC system accelerators. Many different circuit
solutions have been suggested for both analogue and digital computing and for low-
complexity or high-complexity circuits (usually depending on the level of neuronal
activity emulation). From the many different available implementations, some of the
proposed designs are complex and are used to mimic more closely the functionality of
biological neural networks, thus emulating a detailed set of neuronal mechanisms, as
shown by Indiveri et al. (2011); Indiveri and Liu (2015); Payvand et al. (2018). At the
same time, other designs are aimed towards replacing large networks of digital Boolean
logic with a more power-efficient digital or hybrid RRAM-CMOS neuron-based circuit
with some such examples including Dara et al. (2013); Bobba and Hajj (2000); Papan-
droulidakis et al. (2018); Leshner et al. (2010).

One of the most important sub-systems in computer architectures are the computing
accelerators used to perform faster and efficiently many algorithms that are usually
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optimised for massively parallel computation of simple fundamental operations, as
discussed by Kang and Shanbhag (2016); Zhu et al. (2013); Zhang et al. (2020b); Gallo
et al. (2017). In recent years a lot of effort has been placed in developing better hard-
ware accelerators for processing data, as discussed by Kang and Shanbhag (2016); Zhu
et al. (2013); Zhang et al. (2020b); Gallo et al. (2017). Additionally, the development
of novel big data hardware accelerators has been extensively studied and led to the
rise of IMC, as shown by Santoro et al. (2019); Jeloka et al. (2016); Gonugondla et al.
(2018). By attempting to match the hardware capabilities of computers with the need
to process faster increasingly larger amounts of data, a new effort to develop novel big
data hardware accelerators has been a priority for the numerous proposed applications
of emerging technologies and novel circuits and systems that derive by incorporating
them into computer architectures. Such hardware accelerators need to be low-power
towards being compatible with computing systems at the edge where power and area
of hardware solutions is limited, as highlighted by Sebastian et al. (2020); Zhang et al.
(2020b). At the same time, the computational requirements for these accelerators are
ever-increasing, thus novel solutions that are capable of exploiting parallelism in data
and perform data processing using mixed signal techniques, when an analogue method
is more efficient compared to a digital one, are needed, as discussed by Seshadri et al.
(2017); Li et al. (2017).

RRAM can be integrated to implement memory systems with low power consump-
tion, an important advantage for large MAC-based ANN systems, as shown by the
recent work of Sebastian et al. (2020); Zhang et al. (2020b). Given the numerous ad-
vantages of RRAM device technologies, highlighted by Serb et al. (2018b); Bayat et al.
(2018); Danial et al. (2019), such as the capability to store multi-bit information per sin-
gle device, showcased by Stathopoulos et al. (2017); Sebastian et al. (2018, 2020), much
effort has been dedicated to the design of novel post-von IMC systems based on hybrid
RRAM-CMOS circuits, with such design examples including Dastanova et al. (2018);
Kvatinsky et al. (2012); Papandroulidakis et al. (2017, 2018). Similarly to the main de-
sign methodologies of conventional CMOS-based IMC, hybrid IMC systems need to
employ memory-centric topologies, such as crossbar arrays, a topological structure that
can accommodate a large number of memory-computing RRAM devices as well as sup-
port massively parallel operations, thus enabling the acceleration of MAC operations,
as shown by Zha and Li (2017); Chakrabarti et al. (2017). The family of IMC designs
have been recently reinforced with the introduction of multiple hybrid RRAM-CMOS
implementations making use of emerging memory technologies, as shown for example
by Santoro et al. (2019); Sebastian et al. (2020); Merrikh-Bayat et al. (2017). Furthermore,
another important aspect is the design of electronics systems as reconfigurable and thus
capable of being altered into a variety of hardware logic datapaths by exploiting arrays
of primitive computing structures, for example the work of El-Chazawi et al. (2008);
Rahimi et al. (2015); Koenig et al. (2017), a computing requirement that can be satisfied
by employing IMC techniques, as discussed by Meyer et al. (2019); Shafiee et al. (2016);
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Liu et al. (2015); Yu et al. (2019). The advent of emerging memory technologies, such
as RRAM, have provided new opportunities to develop nano-electronic programmable
logic fabric that is power and area efficient, as shown by Hu et al. (2016b); Kumar Maan
et al. (2016); Zha and Li (2017); Chakrabarti et al. (2017).

The increasing maturity of RRAM technology has offered an ultra-compact and effi-
cient way of performing element-wise multiplications using physical computing (Ohm’s
law). Various architectures have been proposed thus far for RRAM-based MAC under
various assumptions (see Chapter 2). In this chapter, I study, practically implement
and test a minimalistic low-complexity MAC system with the following properties:
i) single-ended design for reducing the number of components, ii) exclusively digital
inputs, to allow signals to be received from long distances without fear of analogue dis-
tortion and iii) analogue output, which preserve the information richness of the MAC
computation and can be processed locally before digitisation and broadcasting. I then
proceed to show how it is possible to obtain usable results from a system designed
using nothing else other than modular 1-transistor-1-RRAM (1T1R) blocks, shunting
transistors and a capacitor, before illustrating how easily the system can be used to cre-
ate a simple Winner-Take-All (WTA) network. Based on the findings of this chapter, it
is shown that in the limit of many MAC inputs the incremental cost/input reduces to
an extremely frugal 1T1R + parasitic capacitance overheads (including programming
infrastructure), that the system can operate at frequencies of 100 MHz with a practica-
bly low load capacitance and that power dissipation of 300 fJ/operation are realistically
achievable for a full on-chip implementation.

3.2 1T1R-based Circuits Configuration Map for In-Memory Com-
puting

The composite 1T1R computing array have the potential of being employed as a com-
putationally flexible primitive building block that combines a switch with a resistive
tuning element. Depending on the logic function implemented, further digital and/or
analogue logic processing can be added at the output of the computing array. In the
case of simple digital processing, such as inverters, latches, etc., a binarisation layer
can be added at the output of a 1T1R array to project signals onto a discrete binary
domain. This is important for enabling the cascading of conventional CMOS circuitry
with 1T1R-based circuits and networks. As discussed in Chapter 2, many different con-
figuration of 1T1R circuits can be found in the literature, such as the work on analogue
inverters, as shown by Serb et al. (2018a,b, 2017).

By analysis many existing solutions few common design pattern for RRAM-based cir-
cuit emerge and are centred around the concept of implementing complex logic func-
tions using low-complexity networks of primitive computing elements, as shown by
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Serb et al. (2018a). Based on the map shown in Fig. 3.1, the similarity in the differ-
ent circuit configurations, used to implement all possible combinations of input and
output domains, can be observed. In fact, it could be summarised that what distin-
guishes a 1T1R-based system designed for digital vs an analogue output is a binary
resolution element, such as a thresholding element, here illustrated as an example by
an inverter, but it can be configured with any other electronic circuit which response
is affected by different voltage levels (for the case of the voltage mode voltage divider
structure). Without such element for output classification, the output of the shown
structures can in general be analogue, as defined by the multiplication and subtraction
(since they pulling to different voltage supplies) of the two 1T1R components. With
regard to the differentiation between design for analogue and digital inputs, the con-
tribution of the accompanying MOSFET devices can be amplified in order to enable
either a abrupt on/off characteristic (which you can see I the upper part of the table
represented by transistors with always well-defined VGS voltages) or instead to oper-
ate more as a smooth and ideally linear signal amplifier from the control gate to the
main current branch (here shown as source-degenerated transistors yielding a linear-
like signal transfer, albeit with a threshold penalty).

Similarly to other proposed IMC designs, the RRAM-based circuit design showcased
in this chapter is underpinned by considering how simple networks of the 1T1R com-
puting elements can be added in a design methodology family of similar circuit de-
signs that perform conceptually similar computations and communicate with either
analogue or digital data. All the aforementioned circuits share a common trait which
is that the main computation is performed in the analogue domain due to the phys-
ically analogue multiplication and accumulation taking place in 1T1R computing ar-
rays. As showcased in Fig. 3.1, the computational separation of hybrid 1T1R-based
circuits highlights the flexibility of the RRAM technology to be incorporated into many
different logic operations based on its connectivity.

Neuro-inspired circuits can easily be integrated into computing systems with the aim
of performing power-efficient conventional digital or mixed signal logic and have great
potential of being used as the main programmable logic element of primitive logic
gates, as shown by Seshadri et al. (2017); Hu et al. (2016a); Chakrabarti et al. (2017).
Circuits that perform a logic function mapping in RRAM-based IMC systems can be
used as a form of miniaturised associative memories. The associative memories, as
discussed in Chapter 2, are essentially performing a mapping from one information
domain to another. In this chapter, the RRAM-based MAC circuit under test is receiv-
ing a digital word, that can be interpreted as a vector of neural spikes, and responds
with an analogue MAC result (the result of the parallel input vector to weight vector
MAC operation), which is a physical method to create information in a compact format.
Further processing of the analogue output can be performed by cascading circuits (such
as thresholding elements, etc.) depending of the specific application that these circuits



50 Chapter 3. RRAM-Based Reconfigurable MAC Circuit for IMC systems

are employed for. An important such example can be found in the work of TLGs, as
shown by Sun et al. (2018b); Alibart et al. (2016); Papandroulidakis et al. (2018), where
a basic and simplified model of synaptic-neural operation is used to perform primitive
inference operations. Hence, primitive MAC circuits can be used to develop neuro-
inspired circuit designs for IMC applications, as shown by Valavi et al. (2019); Verma
et al. (2019); Halawani et al. (2019); LIu et al. (2020). The operations are capable of be-
ing naturally transferred between information domains (binary, continuous) and thus
converting the information into formats that can be easily harnessed by other cascad-
ing circuits. This lack of restriction of the operated data domain can lead to significant
advances in the performance of future hardware accelerators, as shown by Zha and Li
(2017).

Another important trait of incorporating memristors in a reconfigurable primitive cir-
cuit is that given its analogue nature, having multi-bit resistive switching behaviour,
the employed hybrid logic circuits can have the potential of being operated under
mixed-signal domain. Mixed-signal operation is a highly valuable capability for in-
troducing a new era of nano-scale analogue electronics since some operations, such as
MAC operations, can be accelerated if performed in the analogue domain while other
operations, such as comparison, is best suited for fast CMOS circuits. RRAM-based cir-
cuits enable mixed-signal IMC systems to be easily integrated with conventional digital
electronics while retaining the aforementioned power and area efficiency, as shown by
Li et al. (2014). Additionally, the organisation of such gates need to be accommodated
into such a topological structure that will enable the operation in a massively parallel
manner, thus exploiting the intrinsic parallelism found in many data processing appli-
cations. The usage of crossbar arrays can lead the neuro-inspired circuits under test to
further accelerate cornerstone operations, such as MAC, in IMC systems by introducing
low-complexity networks capable of massively parallel operation.

In Section 2 the existing landscape of memristor logic techniques and a set of novel
methods for enhancing logic circuit with RRAM devices for data processing has been
showcased and discussed (see Fig. 3.1 in Chapter 2). The focus of the proposed solu-
tions was on data processing that connects the analogue signal world to the digital one,
thus developing computing paradigms for data mapping between binary and multi-
level inputs/outputs. To that effect, implementations already developed for analogue-
in-analogue-out 1T1R-based circuits and especially the inverse digital-in-digital-out
1T1R-based logic gates, as shown by Serb et al. (2018a), are used as guiding examples
of 1T1R-based circuit design methodology for designing a new digital-in-analogue-out
1T1M-based primitive circuit for MAC operations. The design and analysis of these
circuits will enable us to provide complementary computing schemes to the existing
groups of memristive logic gates thus supporting the completeness of the available
memristive circuit solutions for data processing.
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FIGURE 3.1: Map of different primitive RRAM-based circuit configurations of ele-
ments introducing a hard switch/selection (i.e. MOSFET devices) and elements in-
troducing a continuous value of contributions (i.e. RRAM devices). Additional hard-
threshold circuits (such as CMOS-based inverters and latching elements) can be used
to binarise an output signal generated by the hybrid RRAM-MOSFET circuits. By
enabling small differences in the circuit configuration and circuit control scheme a va-
riety of reconfigurable circuits can be designed that will be fitted towards receiving
inputs and emitting outputs in our choice of analogue or digital format. Given the
analogue nature of RRAM devices operation and behaviour, the main computation
(i.e. MAC operations) is always performed in the analogue domain. The implemen-
tation that connects the same signal domain is considered as non-Converting Logic
(non-CL), while the circuits that bridge different signal domains are considered as
Converting Logic (CL) gates. In the map, the non-CL circuits are denoted with orange
while the CL circuits with blue. This map of primitive hybrid RRAM-CMOS circuits
showcase the computationally flexibility of such circuits and exhibit their capability in
being employed into novel implementations of analogue or mixed-signal associative

memory systems.

3.3 MAC Circuit Design

In this section, I present the version of the RRAM-based MAC circuit that implements a
simplified version of a synapse-neuron model. I can employ the MAC circuit as a prim-
itive cross-data domain logic gate between the digital vector and analogue output. The
setup and results of hardware implementation of the RRAM-based circuit are show-
cased and afterwards an example proof-of-concept of a circuit-level Winner-Take-All
(WTA) network is tested in simulation (Cadence’s Virtuoso Spectre environment) us-
ing the computationally flexible RRAM-based MAC circuit as reconfigurable RC delay
component with measurement-based extracted RRAM models.
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FIGURE 3.2: Schematic of the RRAM-based Multiply-Accumulate (MAC) circuit im-
plementation of this work. The multiplication operation performed per each 1T1R
composite element depends on the RRAM memory contents while the accumulation
of all the active 1T1R element contributions is performed naturally in current form
through the common output node. The circuit can be employed as a form of sim-
plified heteroassociative memory system used to map a digital memory word to an
analogue output value. The input digital word can be considered as a train of digital
spikes send as stimulus to the hybrid RRAM-CMOS associative memory thus further
enhancing the concept of neuro-inspired design in such circuits. The output being
could be stored in a integrating capacitor to retain the information-rich analogue sig-
nal. The heteroassociative memory mapping capabilities can be easily expanded by
increasing the size of the 1T1R memory arrays, thus the number of 1T1R component
for the pull-up and/or the pull-down network. Furthermore, this circuit can be eas-
ily integrated as part of a crossbar memory array (i.e. the pull-up and pull-down
1T1R-based networks can be easily integrated within a RRAM-based crossbar mem-
ory topology), thus it can easily be incorporated into massively parallel IMC system

architectures.

The RRAM-based MAC circuit, shown in Fig. 3.2, is based on the primitive but compu-
tationally flexible circuit of a the parallel connection of multiple 1T1R composite com-
ponents to form a 1T1R-based computing array. The MAC circuit (being implemented
conceptually as part of a IMC system) is performing essentially an in-memory mapping
between a digital word that controls the accompanying MOSFETs of the 1T1R-based ar-
ray and an analogue value that is generated through the corresponding voltage-divider
action between the 1T1R components pulling to VDD and the 1T1R components pulling
to GND. This can be interpreted as a miniaturised associative memory that receives a
binary word and generates a corresponding analogue value. An additional integrating
capacitor alongside a nMOS used to discharge the capacitor can be used for operating
the same circuit in charge accumulation mode (strobe the pMOS part of the input vec-
tor, then strobe the nMOS part and finally read the output as the resulting voltage ac-
cumulated at the capacitor). Similarly to fundamental neuro-inspired design method-
ology, the circuit is based on the design of a primitive neuron models with the pull-up
1T1R components modeling the input synapse connections and the pull-down 1T1R
components creating a composite ”inhibitory” biasing for the output of the neuron.
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Regarding the operation of the MAC circuit under test, the similarity to a synapses-
neuron emulation is explicit: the input stimulus is in the form of binary event input
vectors (similarly to spiking pulse trains) programming/reading the weights of the ar-
tificial synapses and the output itself is treated fundamentally as analogue (due to the
physical analogue processing imposed by using RRAM devices) and can be thought
of as the generalised membrane potential (driven by the result of the MAC operation)
of the neuron emulator circuit. Naturally, multiple possible implementations exist, in-
cluding presence or absence of an output capacitor, additional circuitry for modify-
ing the effective activation function etc. The very same circuit can be also set-up and
interpreted as a standard Digital-to-Analogue converter (DAC) (where, for example,
binary-coded RRAM devices to map with standard fixed steps the conversion could
be used). This is where the memristor trimming helps with obtaining an accurate con-
version function. The differentiating factor in the showcased MAC circuit design ap-
proach compared to other dot-product-based RRAM-MOSFET designs is mainly found
in the use of a capacitive output that maintains all the information-rich, analogue sig-
nal instead of digitising the output immediately and thus flattening out the information
before it can be used.

3.4 MAC Circuit Operation and Experimental Measurements

I demonstrate the operation of the MAC circuit through two experimental measure-
ments: i) one hardware implementation with off-the-shelf discrete components and
real Pt/TiOx/AlOx/Pt RRAM devices, and ii) a hybrid experiment of a hardware mea-
surement and a Cadence’s Spectre simulation on 65nm CMOS, with the RRAM models
being extracted from the same RRAM devices that were used in the hardware mea-
surement. Type NDP5020P (1H10AA) pMOS and SUP85N02-03 (T32BAA) nMOS dis-
crete transistors were used for the practical circuit implementation. The control signals
for the pull-up and pull-down networks were generated through microcontroller pro-
gramming (MBED NXP LPC1768 MCU module). The experimental setup was based on
the use of probe-station where a wafer with in-house fabricated RRAM arrays was em-
ployed. Devices from topologies of standalone RRAM were connected to a prototyping
breadboard that includes the discrete transistor components and the microcontroller
board. The microcontroller was connected to the gates of all transistors, including the
pull-up/pull-down nodes to control the digital input vector and read the analogue volt-
age value from the intermediate node of the circuit. An overview of the experimental
setup is showcased in the form of block diagram in Fig. 3.3.

The MAC circuit can have multiple modes of operation by virtue of being implemented
as part of the 1T1R array. In ”combinatorial mode” (direct voltage divider) the pull-
down 1T1R network is always co-activated alongside the pull-up 1T1R network and
the integrating capacitor is disconnected from the circuit. In ”integrative mode” the
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FIGURE 3.3: Block diagram of the setup for the hardware experimental measurements.
The hardware experiments consist of programming appropriately a specific number
of RRAM devices. The RRAM devices are accessed through a probe station and pro-
grammed through the use of the ArC One instrumentation board (ArC Instruments,
UK). When the device preparation phase is finished, the RRAM devices (still accessed
through the probe station are disconnected from the ArC One board and connected to
the appropriate hardware prototype that includes the other part of the hybrid RRAM-
CMOS circuit under test, thus the MOS components. Alongside the circuit under test
other smaller accompanying boards (e.g. voltage dividers for lowering the voltage
levels), micro-controller or single board PCs (e.g. RPi for sending appropriate control
signals) are employed. Additional bench-top measurement equipment (e.g. voltage

sources, oscilloscopes, etc.) is also used to test the circuit and measure its response.

pull-down 1T1R network may or may not be co-activated with the pull-up network
but the integrating capacitor is connected to the circuit. Depending on the whether the
pull-down 1T1R network is connected or not, the capacitor acts either as a dynamic
damper (”damper mode” - damper voltage divider) or as an integrator (”integrator
mode” - summing capacitor), respectively. In the case of the integrator mode there is
never a DC path to GND. These configurations showcase the operational flexibility of
the circuit.

An initial example is shown Fig. 3.6 where experimental measurements of the RRAM-
based MAC circuit are presented. For the configuration of the gate in this example
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FIGURE 3.4: Schematic of the RRAM-based MAC circuit focusing on the integrator
mode of operation. In this mode the pull-up 1T1R network is used to charge the accu-
mulating capacitor and store the weighted sum in an analogue format. This mode is

essentially performing a current mode dot-product operation.

FIGURE 3.5: Schematic of the RRAM-based MAC circuit focusing on the combinatorial
mode of operation. In this mode, the output accumulating capacitor is disconnected
since for the specific operation mode a fast voltage divider -based operation of the
RRAM-based network is required. The pull-down 1T1R network is connected and act

as a biasing network that subtracts from the pull-up signal.
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setup, 3 pull-up 1T1R components (PU: 5.5kΩ, 11kΩ, 11.5kΩ) and 2 1T1R pull-down
components (PD: 7.3kΩ, 6kΩ) components were employed. The logic mapping opera-
tion between the digital input vector and the analogue output of the primitive MAC
circuit is shown in Fig. 3.6b.

Regarding the programming of the RRAM elements inside the circuit: i) To program
a pull-up RRAM device, I use an additional transistor to set the intermediate node
to an appropriate voltage VSET and connect the pull-up supply terminal to GND for
a SET operation. For a RESET operation, I connect a suitable voltage VRESET to the
pull-up supply terminal and connect the intermediate node to GND. ii) To program
a pull-down, I use a similar configuration. For a SET operation, I connect VSET to the
intermediate node and connect the pull-down terminal to GND while for the RESET
operation, I connect VRESET to the pull-down terminal while I connect the intermedi-
ate node to GND. The circuit was operated in combinatorial (direct voltage divider)
mode. The pull-up MOSFET gate voltages should be set within a range that will not
inflict resistive state change in the RRAM devices. The pull-down network can also
be engineered with such protections, but in this case (Fig. 3.2) I illustrate an example
where the pull-down is optimised for current drive. Also note that the mismatch in the
drive MOSFETs of the pull-up 1T1R network can to some degree be compensated by
adjusting the resistive states of the RRAM elements.

For the Cadence’s Virtuoso Spectre simulations, I used an existing instrumentation plat-
form, as shown by Serb et al. (2014), (ArC Instruments, UK) which has a bespoke soft-
ware module, showcased by Messaris et al. (2017), for extracting RRAM device models,
exhibited in the work of Messaris et al. (2018), (and briefly shown in Chapter 2 through
2.3-2.6 equations). For the case study, four RRAM devices were tested and their model
parameters were extracted, which I then used in the Verilog-A version of the model
for subsequent Spectre circuit simulations with the results shown in Fig. 3.7 (more in-
formation about the model fitting process can be found in the work of Messaris et al.
(2018)). Because in this work I consider static RRAM devices (i.e. no resistive state
switching is induced during operation), I am only interested in the extraction of the pa-
rameters ap, an, bp and bn which fully define the static I-V characteristic. As discussed
in Chapter 2, the I-V equations used in the model are reproduced from Messaris et al.
(2018) for convenience:

i(R, v) =

{
ap(1/R)sinh(bpv) v > 0
an(1/R)sinh(bnv) v ≤ 0

(3.1)

The device parameters (ap, an, bp, bn) I extracted and used in this work are shown in Ta-
ble 3.1. Note that R in equation 3.1 is the standardised resistance of the device and it is
measured at VREAD=700mV read-out voltage for this work. The typical VREAD=700mV
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FIGURE 3.6: Measured results of the first hardware experiment. In this first case study,
a 3 1T1R pull-up array (PU: 5.5kΩ, 11kΩ, 11.5kΩ) with a 2 1T1R pull-down array (PD:
7.3kΩ, 6kΩ) was implemented and experimentally measured. The MAC circuit was
realised by using Pt/TiOx/AlOx/Pt RRAM devices, as shown by Stathopoulos et al.
(2017). In Fig. 3.6a the digital input vectors controlling the transistors of the 1T1R
array are shown with the I11, I12, I13 the control signals for the pull-up components
and I21, I22 for the pull-down components. The pull-up 1T1R network is using pMOS
devices, thus the high logic ’1’ and low logic ’0’ denotes a non-conductive and conduc-
tive transistor states, respectively, 1T1R. In Fig 3.6b, the circuit response (VAnalogueOut)
for all the different configuration vectors of the control signals (I11, I12, I13, I21 and
I22) are shown under 400mV, 600mV and 800mV power supply voltages. In Fig 3.6c,
the response for 800mV power supply is rearranged into an analogue voltage output
(VAnalogueOut) versus digital vector input map (signals I11 I12 I13 - I21 I22 are encoded
into a digital control word displayed along the x-axis). Multiple output levels can be

discerned.
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FIGURE 3.7: Graph exhibiting the results from the second experiment. In this
case study, a hardware MAC circuit of 4 pull-up 1T1R components (PU: 461kΩ,
508kΩ, 534kΩ, 539kΩ) and 1 pull-down biasing component (PD: 330kΩ) using
Pt/TiOx/AlOx/Pt devices, as exhibited by Stathopoulos et al. (2017), was imple-
mented and measured. The same configuration is used for the simulation of the circuit
in Cadence Virtuoso Spectre environment towards comparing the response of the cir-
cuit using real devices and simulated device models. For the MOSFET models, I used
a commercially available 65nm technology node library. The RRAM device models
are based on the Messaris et al. (2018) and the RRAM model instances are fitted based
on the same devices used for the practical circuit implementation. The black trace is
the experimentally measured response while the purple line is the simulated circuit
response. The comparison highlights that the simulated circuit follows the response
of the real hardware implementation. These preliminary results suggest the circuit ro-
bustness against transistors variations (in one case large discrete components and in

the other case 65nm CMOS).

read-out voltage is the maximum operating voltage the RRAM was expected to be sub-
ject to during these experiments. Resistance values quoted henceforth correspond to
this definition of R. The standardised resistance for each extracted model is shown next
to each device name in Table 3.1. The read-out voltage was connected to the pull-up
VPULLUP terminals of each 1T1R component (shown in Fig. 3.2). The results of the
second experiment (combined hardware experiment and simulation test) are shown in
Fig. 3.7.

It is useful to note that different technologies for the MOSFET are employed between
the hardware experiments and simulations. More specifically, in hardware experiments
I am using 0.25um node of-the-shelf discrete components while for the simulations I
am using the most modern MOSFET technology node available to me which is a com-
mercially available 65nm node. This enabled to test in hardware the response of the
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TABLE 3.1: Fitting Parameters from Extracted Models

RRAM Fitting Parameters
Device (kΩ) ap an bp bn

D1 (461) 0.379 0.327 2.18 3.38
D2 (508) 0.183 0.418 3.32 2.45
D3 (534) 0.021 0.04 5.32 3.96
D4 (539) 0.298 0.27 2.59 3.04

proposed circuit using a larger and power consuming technology (0.25um MOSFET
technology) while at the same time performing extensive testing in simulation with a
relatively modern (65nm MOSFET technology) and much less power-demanding com-
ponents to showcase some preliminary results of what the behaviour of a future IC chip
implementation of the circuit could potentially be like. Although the transistor technol-
ogy nodes are different by a large margin, the circuit proposed in this chapter showcase
a similar behaviour that seemingly does not deviate from the expected RRAM-MOSFET
circuit response at any significant part to the relative technology of the transistor com-
ponents. This can be observed through the results exhibited in Fig. 3.7. Due to the use
of 0.25um MOSFET devices alongside Pt/TiOx/AlOx/Pt RRAM devices for the hard-
ware experiments and of 65nm MOSFET technology with the RRAM model which is
fitted to experimentally measured devices for the simulations it is expected that cir-
cuit behaviour mismatches might occur. For that reason, the hardware and simulation
proof-of-concept tests can be studied as separate cases of the same circuit under test
since, due to the employment of different MOSFET technologies, the performance and
detailed behaviour might showcases differences. From the results exhibited on Fig. 3.7,
the experimentally measured results from the hardware implementation of the MAC
circuit match closely the simulated results of the circuit using the same RRAM devices
fitted into distinct model instances. By extrapolating these results, this could be inter-
preted as a preliminary indication that we can expect a specific circuit behaviour from
vastly different MOSFET technologies.

3.5 MAC Circuit employment in Winner-Take-All System

An important and well-documented family of ANNs is the Winner Take All (WTA)
configuration, as showcased by Rahiminejad et al. (2019); Fernando et al. (2018); Hung
et al. (2003); Wang et al. (2019). Such networks are implementing the simple but com-
putationally powerful max functions where from a group of firing neurons they can
classify the winning neuron (neuron with the highest/fastest response) into one cate-
gory and all the other (losing) neurons into another category.
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WTA networks are essentially performing a multi-input binary comparison and clas-
sification not unlike what TLGs are performing but with a single composite input (the
dot-product of an input vector multiplied with the weight vector) and a threshold (de-
fined by a biasing signal). Many different implementations of WTA systems exist and
some of the most recent ones are making use of emerging memory technologies, such
as RRAM, as shown by Fernando et al. (2018); Doevenspeck et al. (2018).

In the presented design of the WTA networks (see Fig. 3.8), I am using the classification
circuit presented by Wu et al. (2017) which is a racing signal-based classifier. Compared
with the more conventional signal level circuits, such as the conventional CMOS-based
Boolean gates, the racing signal circuits base their operation in the speed of the signals
propagation from one node of a circuit to another, as shown by Madhavan et al. (2014).
In many implementations racing signal designs can showcase higher speed of opera-
tion and are thus preferred. Since racing signal circuits are operating similarly to a form
of simplified event-triggered circuits not all logic networks can be easily implemented
with the appropriate timing requirements for a racing signal implementation, as shown
by Pan et al. (2019); Moisiadis et al. (2001); Madhavan et al. (2014).

In this (voltage-driven) signal racing WTA design, shown in Fig. 3.9, a low-complexity
CMOS latch-based classifier (essentially a half-latch design) with additional CMOS cir-
cuits to enable sensitivity to a global trigger signal is used to implement the max func-
tion circuit, as shown by Wu et al. (2017). In this work, the WTA network employs the
MAC circuit instead of using the more IC-area-demanding and more complex custom
pass-transistor MOSFET-based networks. As shown in Fig. 3.2, the RRAM-based MAC
circuit as a programmable RC delay network.

The use of this 1T1R-based artificial neuron (i.e. the MAC circuit) as a reconfigurable
composite resistance is based on the parallel connection of the programmable RRAM
devices. Through the configurable composite serially connected resistance (of the 1T1R
array) and accumulating capacitor CACC the implementation of a programmable RC-
delay generator is possible. Due to the 1T1R array pulling to VREAD node (enable 1T1R
elements contributing to the common node accumulation) the capacitor charges with a
rate defined by the composite trimming resistance.

Each RRAM-based MAC circuit-neuron is connected to a homogeneous structure that
compares and classifies the delay of every neuron output through a voltage racing
latching technique. The classification is based on an event-triggered latching of the
winning (fastest) half-latch which generated a global trigger VGT that locks all the
other half-latches into a losing state. The additional power gate controlled by VSTRB

enabling/disabling the pull-up voltage cutoff of the neuron model ensures a power-
efficient operation of each circuit mode. The latching elements of WTA store the results
of the classification operation(VLO1, VLO2 and VLO2) with the winning neuron acquir-
ing ’0’ logic value, while the losing neurons are denoted with ’1’ logic value. A reset
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FIGURE 3.8: Schematic of a single Winner-Take-All (WTA) computing node. The cir-
cuit consist of the RRAM-based MAC circuit showcased in previous sections of this
chapter. The WTA operation is based on the mapping of a specific digital input word
to a specific RC-delay value which is then classified by an appropriate CMOS-based
voltage racing classification circuit Wu et al. (2017). In this specific figure only one
neuron model and classification circuit is presented and more such circuits should be
wired together in the VGT global trigger connection for a comparison between multiple

neuron to be performed.

operation controlled by the VRST signal is used to clear the state of the WTA output
(discharge capacitors and initialise the global trigger) and prepare the system for the
next classification operation.

For the WTA network to operate, the winning neuron’s MLL nMOS opens the pull-
down discharge path due to winning latch output. Thus, the global trigger VGT, con-
trolling the MGT nMOS, does not affect the winning neuron’s discharge path since the
path is opened. At the other hand, the discharge paths for the losing neurons are en-
abled by VGT forcing the input to the half latch to logic ’0’. Due to the design of the
system, if multiple neuron nodes have the same RC-delay all such neurons will latch
into the winning state. Hence, the output binary word of the WTA can include multiple
’0’ denoting the winning neurons and ’1’ denoting the losing neurons.

An example of the WTA operation is shown in Fig. 3.10 where few cycles of classi-
fication operations are showcased. The circuit configuration tested is employing the
extracted RRAM models (D1, D2, D3andD4 extracted devices used in the second MAC
circuit experiment) presented in Table 3.1. The device configuration as well as the input
vector connectivity VIN1−12 is shown in Fig. 3.9. The outputs of the MAC circuits are
shown by the VNO1, VNO2 and VNO3 signals while the outputs of the WTA latches are
shown by the VLO1, VLO2 and VLO2 signals. The VIN is shown as a hexadecimal value of
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FIGURE 3.9: Schematic of the proof-of-concept Winner-Take-All (WTA) system that
was simulated (using Cadence’s Virtuoso Spectre) in this work. The WTA tested in-
cludes three neuronal (RRAM-based MAC) circuits, operating as programmable RC
delay generators, alongside a CMOS-based max function classifier networks based
on the work of Wu et al. (2017), that is used to identify the winner of the RC delay-
based voltage racing operation. The WTA system is used to find the fastest neuronal
response being a voltage racing implementation, as shown by Wu et al. (2017). The
MAC circuit output nodes (also referred to as neuron output (NO) nodes) are labelled
as VNO1, VNO2 and VNO3. When the fastest RC path is identified (shown by the output
of the half-latches sensing circuits, thus latch output (LO) nodes VLO1 VLO2 and VLO2)
a generated global trigger signal VGT locks this neuron into winning state while all
the other neurons are locked into losing state, until the next evaluation phase. The
operation cycle is controlled by the VRST signal. The WTA system in this example op-
erates at VDD=1.2V for the latch-based sensor (WTA circuit) part while a suitably low
reading voltage VPULLUP=VREAD=0.7V is used for the RRAM-based MAC circuit. The

accumulating capacitor value is set to CACC = 20 f F.

the binary input vector VIN1−12 and the conversion used a {MSB−(VIN12 VIN11 ... VIN2

VIN1)−LSB} convention. The generated VGT ends each cycle of classification when a
winning node has been evaluated (see Fig. 3.11). The WTA stores the complement
of a one-hot encoded digital word per evaluation operation. The VRST signal controls
the cycle of the system with the VSTRB enabling a short pulse of VREAD voltage to pass
through the artificial neuron RRAM-based network and generate a delayed output. As
shown in Fig. 3.10 and Fig. 3.11, all the artificial neurons outputs are racing to lock the
WTA but only the fastest neuron succeeds in completing this process as expected from
the operation of the voltage racing WTA system.

Since the CMOS-based detector WTA circuit is based on a half-latch, it is possible to in-
tegrate it as part of a parallel sense amplifier network (which is based on cross-coupled
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FIGURE 3.10: The results of the Winner-Take-All (WTA) network are showcased in
this figure. The results are based on the example 3-neuron circuits presented in Fig.
3.9. The waveforms for the latch outputs (VLO1, VLO2 and VLO2), that comprise the clas-
sification word encoding of the WTA lateral network state, the neuron output (VNO1,
VNO2 and VNO3) that feeds into the WTA classification system during the evaluation
phase, as well as the control signals that enable the cycles of operation for the pre-
sented network (VSTRB, VGT , VIN). The VIN is encoded into a hexadecimal value rep-
resenting the input vector Vin1−12 controlling the pull-up 1T1R network used for this
example. The connectivity of the VIN vector is shown in Fig. 3.9. The artificial neu-
rons (see Fig. 3.9) were based on multiple instances of the extracted RRAM models as
described in Section III.A (see Table 3.1). The simulation was performed in Cadence’s
Virtuoso Spectre using a commercially available 65nm technology node for the tran-
sistor devices. It can be clearly shown that when a winning node is evaluated by the
WTA by observing the VGT signal. Distinct coloured shading has been added to high-

light when one neuron is winning over the rest.
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FIGURE 3.11: In this figure, a focused analysis of the WTA operation cycle is show-
cased. The red traces (VNO1, VNO2 and VNO3) showcase the outputs of the 3 artificial
neurons while the blue traces (VLO1, VLO2 and VLO3) showcase the latches output (win-
ning node is the node with latch output at logic ’0’). The green traces are the signals
controlling the operation cycle of the WTA. The VRST initialise the system when set to
high (logic ’1’) and the VSTRB is the signal controlling the power gates of the artificial
neuron. The VGT is low when the WTA is initialised/evaluating and high when the
winning neurons has been evaluated. A single period of operation (defined by VRST)
is 10ns from this proof-of-concept example and the classification operation requires
top= 1ns. The voltage racing operation of the circuit can be highlighted from the artifi-
cial neurons outputs that before the winning neuron is found all the traces are racing
to the top but the fastest one is locking the latches to an one-hot encoded digital word.
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FIGURE 3.12: Schematic of the proposed Winner-Take-All (WTA) circuit in (a) and
its adaptation (b) for enabling the implementation of a programmable classification
circuit. In (a), the MAC circuit is connected through the VNOut node to a half-latch-
based circuit that is based on the implementation presented by Wu et al. (2017) as
shown in Fig. 3.8 and Fig. 3.9. In (b), the WTA part of the neuron model can be
implemented by connecting/disconnecting appropriate pMOS and nMOS MOSFET
devices of a CMOS full latch, similar to the main sensor component used in differential
TLG designs, as discussed in Chapter 2, as shown by Papandroulidakis et al. (2018);
Dara et al. (2017); Mozaffari and Tragoudas (2018). Thus, the design employed here
shows compatibility with some RRAM-based TLG implementations that can be used
to efficiently implement a novel sea-of-gates reconfigurable computer, as shown by
Beiu et al. (2003b). The configurable CMOS-based classifier can be used as periphery
circuitry to a RRAM crossbar array where multiple 1T1M arrays that can be used to
create a configurable neuro-inspired system capable of easily reconfiguring the IMC-

based classification operation.
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latch design). Having a switch network that can connect multiple columns of mem-
ory through the sense amplifier network, TLG structures for comparing two differen-
tial RRAM arrays can be easily configured. In the Fig. 3.12, I am showcasing that
with additional control CMOS circuits, a differential mode Memristor-based Current
Mode TLG (MCMTLG) can be configured, as shown by Papandroulidakis et al. (2018),
thus the RRAM-based TLG design showcased in Chapter 4, to implement the partial
WTA classification circuit. Thus, the near-memory (Near-Memory Computing (NMC)
-based) classification network can be transformed into different operation modes de-
pending on the requirements of each application. By switching between the different
version of the classification structures, performing a different type of neuro-inspired
computing is possible. The switch between different configurations of the classification
engine is implemented using appropriate multiplexing circuits to enable/disable the
pull-up pMOS and the additional globally triggered (in WTA mode) pull-down nMOS
found of the first inverter that is used to comprise the latching element. There is a
multitude of methods to process digital signalling and combine a relatively complex
function into a compact analogue result. This category of computation is particularly
interesting with the rise of technologies that can be employed to physically perform
analogue computing, such as RRAM. From the different designs following a similar
concept the key factor is the decision boundary which can be very finely tuned by the
RRAM devices (physical analogue computing) even if the results is ultimately trans-
formed into a binary output to ensure compatibility in mixed logic architectures (i.e.
cascading between different logic technologies).

3.6 Comparison of WTA case study with state-of-art

A wide variety of different WTA implementations have been suggested with some
example being proposed by Serrano-Gotarredona and Linares-Barranco (1995); Hung
et al. (2003). Naturally, many emerging technologies found their way as part of novel
WTA circuits and systems, as shown by Truong et al. (2016a,b); Hasan and Taha (2017).
The main categories of WTA are level-based voltage-mode/current-mode parallel com-
parison or a racing-based signal transmission delay parallel comparison. The design of
the max function implementation is usually based on simple lateral networks of CMOS-
based circuits for comparison (i.e. latching elements etc.). Due to the close integration
of WTA classification networks with artificial neuron circuits, novel hardware solutions
of hybrid CMOS-RRAM WTA have been an proposed.

Some of the most important and recent implementations include designs of both fully
conventional and hybrid technologies. A CMOS-based WTA with high resolution capa-
bilities has been proposed by Baishnab et al. (2009, 2017). As shown by Baishnab et al.
(2009), a fully custom CMOS WTA network is showcased. The implementation is tested
on Cadence’s Spectre and exhibits a fast classification operation with top=40ns-80ns for
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the case of 100fF load capacitance. The circuit is converting an input voltage to current
and then amplify the difference between the input current and the bias current through
a custom current mirror network. A final CMOS inverter gate is employed for isola-
tion of the output and ensuing cascading capability of the WTA computing node. The
fully-CMOS circuit was operated at VDD=1.8V power supply and requires 12 MOSFET
devices per WTA computing node. In Moro-Frias et al. (2011), a CMOS-based current-
mode WTA system with fast operation and low-complexity design (4 MOSFET devices
and 2 current sources per WTA computing node) was proposed. The current mirrors
are implemented using current mirrors. The specific circuit operates under the princi-
ple of continuous analogue feedback between all the available input current nodes as
well as the connection of these nodes to a common current sink node. When one input
current is larger than the other inputs then the WTA node affected by the larger input
is fully activated (in proportion to the input current) while the other nodes are cut-off
due to the increased contribution of the winning node to the common node. The WTA
in Moro-Frias et al. (2011) showcases low power consumption of P=281.7uW alongside
the employment of a low number of devices per WTA comparison node. This circuit
implementation operates within top=4.74ns under a supply voltage of VDD=2.5V.

The increasing maturity of RRAM devices introduces new solutions for hybrid MOS-
RRAM ANNs. Among the proposed hybrid ANN implementations some of the most
interesting designs involve the use of WTA systems, as shown by Sheridan et al. (2016);
Ebong and Mazumder (2012). In the work of Sheridan et al. (2016), it is proposed a
WTA system as part of a Locally Competitive Algorithm hardware implementation,
using a RRAM-based crossbar and CMOS control circuitry, for feature extraction op-
erations. The WTA design is based on the use of a single-RRAM-per-node memory
array with additional peripheral circuitry for driving the RRAM devices and enabling
the appropriate signals for the algorithms under investigation. The implementation
by Sheridan et al. (2016) uses a VREAD=0.8V for the RRAM devices. Furthermore, in
the work of Ebong and Mazumder (2012), a clocked hybrid CMOS-RRAM design of a
WTA as part of a RRAM-based Spike-Timing-Dependent-Plasticity (STDP) ANN was
provided showcasing fast neural operation. The general structure of the WTA design is
centred around a RRAM memory array that employs recurrent connections through a
parallel array of CMOS-based neuron-emulating circuits. The memory array is a fully
passive one incorporating single RRAM devices per memory node. Hence, the STDP
mechanism is implemented mainly through the CMOS-based neuron circuits and other
peripheral circuitry around the array. The CMOS neuron is based on an integrate-and-
fire design, as shown by Ebong and Mazumder (2012). The system operates at 1kHz
and has a dynamic power consumption of P=15.6uW.

Towards better illustrating the expected performance of most modern WTA designs, I
organised performance metrics of important state-of-art WTA designs. The available
performance metrics are showcased in Table 3.2. It is useful to note that in many cases
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an exact circuit description of the implementation was not provided thus making a
direct comparison challenging. Hence, these metrics are employed mainly to provide
a better landscape of the power dissipation and delay per operation that WTA systems
are usually showcase.

TABLE 3.2: Performance of Previous State-of-Art WTA systems

WTA State-of-Art Designs based on Literature
Metrics Energy Eop Delay top #Device Design

Baishnab et al. (2009) N/A 40-80ns 12 CMOS
Moro-Frias et al. (2011) 1335fJ 4.74ns 4+2(Is) CMOS

Ebong and Mazumder (2012) 1560pJ 100us N/A Hybrid
Sheridan et al. (2016) 86pJ 100ns N/A Hybrid

Another important CMOS-based WTA design is presented in Wu et al. (2017) where a
signal racing-based WTA networks is proposed. This implementation uses 40nm MOS-
FET technology node and is operated at VDD=0.9V with a high throughput of 1.0GHz
for 16-bit resolution (simulation performed in HSPICE). The design is based on the use
of custom pass-MOS networks that employ multiple different lengths of pMOS devices.
Since I base the design of the CMOS part on the work of Wu et al. (2017), a direct com-
parison in that case can provide some useful insights. The comparison between the two
designs, the hybrid RRAM-MOS I proposed and the fully CMOS design proposed by
Wu et al. (2017), are showcased in Table 3.3. In Table 3.3, under the number of devices
per computing node column, the m the RRAM devices used per artificial neuron (thus
per instance of the RRAM-based MAC circuit used for the programmable RC genera-
tor). Our approach of hybrid WTA, as compared with the fully CMOS WTA from Wu
et al. (2017), exhibits some interesting traits in terms of energy per operation and speed
of the classification operation. More specifically, our hybrid approach (with Eop = 300fJ)
showcase lower energy per operation which is reinforcing the concept of implement-
ing such systems using RRAM-based artificial neurons. The measurements regarding
our approach were based on the proof-of-concept WTA system presented in Section
III.B. Our WTA system operates at VDD=1.2V for the CMOS part and VREAD=0.7V for
the hybrid CMOS-RRAM part. Additionally, our RRAM-CMOS approach showcases
faster classification operation with a system response within top=1ns compared to the
fully CMOS racing voltage WTA equivalent. It is also worth noting the reduced num-
ber of devices required for a similar resolution of generated delayed signals compared
to Wu et al. (2017) due to the replacement of the complex pass-MOS network with the
RRAM-based MAC circuit.

Towards better understanding the performance comparison of Table 3.3, we need to
consider that the hybrid implementations proposed in this thesis is build using 65nm
MOS technology while the fully CMOS design of Wu et al. (2017) is employing 40nm
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TABLE 3.3: Comparison between Proposed Hybrid RRAM-CMOS and State-of-Art
Fully CMOS-based Racing Voltage WTA

WTA implementations
Designs Energy Eop Delay top #Device MOSFET tech.

Wu et al. (2017), Fully-CMOS 4602fJ 4ns 24 40nm
My approach, Hybrid RRAM-MOS 300fJ 1ns 12+4(m) 65nm

technology node that enables the design to operate at 0.9V voltage supply. We can see
that although the fully-CMOS implementation is employing a smaller MOSFET tech-
nology node and smaller supply voltage for the CMOS part the performance of the
hybrid RRAM-MOS design is competitive. This can be partially explained due to the
smaller number of MOS devices and the fast RC delay generation and comparison op-
eration driven by the RRAM-based 1T1R arrays. The global comparison circuit (CMOS-
based max function operation of the WTA) is similar in design and operation for both
cases shown in Table 3.3 with the only difference being the different MOSFET technol-
ogy node and supply voltage. These preliminary results are showcasing the potential
of hybrid ANN implementations, an observations that is documented by the literature.
Compared to the state-of-art implementations discussed earlier, it can be observed that
the proposed design shows good performance since we can achieve competitive energy
consumption and system delay from the state-of-art designs of Moro-Frias et al. (2011);
Ebong and Mazumder (2012); Sheridan et al. (2016); Baishnab et al. (2009), which in-
clude both hybrid and fully CMOS designs. Although it is not possible to compare the
different implementation with each other due to limited information regarding the ac-
tual hardware design and disparity of technologies employed and/or applications, the
results exhibited in this section showcase that my hybrid WTA design can be competi-
tive with other state-of-art designs.

3.7 Conclusions

In this chapter, I presented an implementation of a Multiply-Accumulate circuit based
on RRAM devices. The circuit was used to convert information from the digital domain
to analogue data, thus employing the RRAM array as a natural DAC with reconfigura-
tion capabilities (unlike their fixed resistor-based counterparts). The operation of such
a nano-scale reconfigurable RRAM-based DAC, as discussed and showcased, have
potential for incorporating important data conversion operations in IMC paradigms.
Thus, this type of area and power efficient data converters can be used to enable better
neuro-inspired hardware accelerators implemented inside or near the memory units.
Such design solutions are important towards performing more efficiently massively
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parallel data processing. I showcased a proof-of-concept RRAM-based primitive logic
gate that can be used to convert information from the digital domain to analogue data
thus operating as a mixed-signal hetero-associative memory. This type of area and
power efficient data converters can be implemented to enable novel neuro-inspired
hardware acceleration for massively parallel data processing at the edge. The circuit’s
functionality was experimentally demonstrated using real Pt/TiOx/AlOx/Pt RRAM
devices. Furthermore, RRAM models were fitted based on their hardware counter-
parts and then used to test in simulation a proof-of-concept Winner-Take-All network
as an example of the potential use cases of the MAC circuit.

More specifically, the basic concept explored through this work is the design and vali-
dation of a generalised circuit capable of receiving binary data vectors and classifying it
into a continuous output space, thus introducing a generalised RRAM-based data map-
ping function. This idea here is materialised through the design of a RRAM-enhanced
associative memory computing block. The configuration tested here is based on two
1T1R arrays for pull-up (pMOS devices) and pull-down (nMOS devices) networks.
The inputs are the digital gate signals for the pMOS and nMOS of the 1T1M arrays,
while the output is the analogue voltage read from the intermediate node. More specif-
ically, in this work, I showcase an experimental demonstration of a RRAM-based MAC
circuit assuming: i) the use of digital input, which can be transmitted along great dis-
tances with little distortion, ii) single-ended design to reduce component count and
thus power dissipation and chip area, iii) analogue output due to the fast physical com-
puting of the resistive arrays as well as to preserve the maximum available information
content from the MAC operation. The MAC circuit design is reminiscent of some of
the earliest artificial neuron designs, e.g. shown by Douglas et al. (1995), but in the cur-
rent version it has been adapted to be optimised for the advantages introduced by the
RRAM technology. To support the RRAM-based MAC circuit showcased in this chap-
ter, I presented the design and operation of the MAC circuit and provide experimental
evidence to support the proof-of-concept. Additionally, I employed the RRAM-based
MAC circuit to test a Winner-Take-All (WTA) network as an example of the comput-
ing flexibility of the primitive circuit, although its applicability is much more general.
Throughout the chapter I discussed how the 1T1R-based MAC circuit can be exploited
towards implementing sea-of-gate reconfigurable computer architectures.

Through the scope of the aforementioned presented findings regarding the RRAM-
based MAC circuit, I can see that the flexibility of primitive RRAM-CMOS circuits to
be adapted into a wide variety of different computational modes. At the same time,
by enabling the MAC operations in the analogue domain through the use of RRAM
devices, RRAM-based circuits are capable of accelerating MAC operations. Through
the presented results, the practical implementation of 1T1R-based neuro-inspired sys-
tems seems feasible. The relatively simple modeling approach presented in this work
is sufficient for an initial testing of performance for such systems. Furthermore, I can
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gauge the importance of RRAM-based MAC circuits that connect digitally to the en-
vironment, thus without the need of specialised conversion circuitry, but perform the
computations physically in the analogue domain as viable solutions for the next gener-
ation of neuro-inspired computers.





73

Chapter 4

Memristively-Enhanced Threshold
Logic Gate

On the computation/architecture front for novel computer designs, there has been a
sustained effort for many decades to develop neuro-inspired computation concepts,
mostly in the form of ANN-based systems. Research on ANNs has thus far spanned
the entire interval between the first simplified models of all-or-none hardware neurons,
the main computational concept proposed by McCulloch and Pitts (1943), and the cur-
rent state-of-the-art massively parallel GPU-based ANN implementations, showcased
for example by Abadi et al. (2016); Vestias and Neto (2014); Krizhevsky et al. (2012).
However, one often overlooked example that somewhat defines the basic operational
principles of ANN-like computation can be found in the form of its quantised, digital
counterpart, the so-called threshold logic (TL), the term proposed by McCulloch and
Pitts (1943) to describe the main neural functionality as mapped into computer logic.
TL is a computational model for performing a comparison between a threshold value
and the weighted sum of an input vector aimed at implementations for computer logic.

The employment of TLGs as fundamental computational units in neuro-inspired post-
von Neumann computing schemes with the recently demonstrated multi-bit capabili-
ties and fine tuning of metal-oxide-based RRAM devices raises the prospect of a RRAM-
based reconfigurable fabric. In the following sections, I present my design of a RRAM-
based current mode TLGs (also referred to as RRAM-based current mode threshold
logic gate, MCMTLG). Alongside the design and operation of the hybrid RRAM-CMOS
TLG I am showcasing experimental results using a discrete component-on-breadboard
circuit implementation of the proposed design with real RRAM devices. More specif-
ically, regarding the physical implementation of a Memristor (RRAM) -enhanced Cur-
rent Mode Threshold Logic Gate (MCMTLG), the implementation was build using dis-
crete components in a breadboard. The pMOS and nMOS discrete devices used for this
experiment are NDP6020P and SUP65N02-03, respectively. The RRAM devices used for
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this experiment are MIM stacks constituting of Pt/Al2O3/TiO2/Pt/Ti (10/4/25/10/5)
nm, as showcased by Stathopoulos et al. (2017). The measurements performed through
this breadboard experiment enable us to define/test this versatile memory and logic
co-location circuit design.

4.1 RRAM-Enabled TLGs Design Methodology

As discussed in Chapter 2, a basic computational unit in TL is called a Threshold Logic
Gate (TLG) and it corresponds to the equivalent computational unit of artificial neuron
found in ANN designs. TLGs were introduced as a method of describing and model-
ing neural activity in the brain through conventional electronic circuits and systems, as
shown by McCulloch and Pitts (1943); Bayat et al. (2017). Although TL is effectively
a simplification of the main ANNs functionality adapted for digital computers, TLG-
based logic families have been shown to be capable of fast and low-power operation as
evaluated by the power-delay trade-off metric, as discussed by Beiu et al. (2003b); Lesh-
ner et al. (2010); Bobba and Hajj (2000). Many of these neuro-inspired TLG implemen-
tations showcase that computer designs incorporating such technologies to accelerate
ANN-based operations could benefit the area and power dissipation of these systems.
Similarly to what some recent work explores, TLGs are a promising candidate for IMC
and ANN hardware implementations and further research is required to showcase how
TLG can be integrated with emerging technologies to enhance the existing advantages
even more, as highlighted by some research findings such as the ones by Tran et al.
(2012); James et al. (2014); Krestinskaya and Pappachen James (2018).

Many competing emerging memory technologies are part of the RRAM technology
family, such as PCM, ECM, VCM etc., as showcased by Gao et al. (2013a); Edwards
et al. (2015). A number of these technologies have been studied as an important part of
novel reconfigurable circuit and system aimed at ANNs and IMC designs, as proposed
by Guo et al. (2015); Gallo et al. (2017); Ambrogio et al. (2018); Burr et al. (2017) (includ-
ing TLG implementations proposed by Gao et al. (2013a); Nukala et al. (2014); He and
Fan (2017); Alibart et al. (2016) – showcasing exclusively simulated results). In princi-
ple, any RRAM technology featuring non-volatile resistive switching, sufficiently high
ON/OFF ratio and not excessively high or low resistance levels can be introduced into
an appropriately designed TLG. For cases other than binary weights TLG designs, the
employment of analogue RRAM devices as weight storage elements is preferred since
they enable us to store multi-bit information per single device and thus further accel-
erate potential MAC operations by compressing multiple binary multiplication layers
into a single one. Among many competing technologies one of the most promising
ones can be found in the form of RRAM devices and more specifically continuously
tuned RRAM capable of multi-bit storage such as the work shown by Stathopoulos
et al. (2017).
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Towards designing a TLG that can easily integrate RRAM devices as the weight rep-
resentation elements a lot of work has focused into testing low area and low power
design. As showcased in Chapter 2, some promising TLG implementations are based
on the differential synaptic weight circuits. There are some differential TLG designs
that implemented the weight memory array through conventional electronics, such
as capacitors and resistor, such as the work by Seshadri et al. (2017); Mozaffari and
Tragoudas (2017), while other recent implementations take advantage of emerging nano-
electronics devices such as single-electron technology (SET), as shown by Inokawa et al.
(2003) and negative resistance devices (NRD), as shown by Pettenghi et al. (2008a);
Mirhoseini et al. (2010). More importantly, recently, some TLG designs, such as those
proposed by Rajendran et al. (2010); Dara et al. (2013), have shown that RRAM tech-
nology can efficiently be incorporated into TLG designs, hence becoming the catalyst
of significant power consumption and noise sensitivity reduction, as well as logic and
area scaling in TLGs, compared to conventional Boolean logic gate. Introducing the
RRAM devices as analogue weights in a digital logic gate family, has the advantage
of enabling highly localised, continuously tuneable, minimal front-end footprint and
low-voltage operated non-volatile memory into the TLG, thus providing a potentially
decisive advantage in the implementation of memory-heavy ANN accelerators, espe-
cially the ones centred around IMC-based designs, for example those proposed by Gao
et al. (2013a,b); Kumar et al. (2016); Kulkarni et al. (2016); Yang et al. (2014); Vrudhula
et al. (2015)

From the available RRAM-based TLG implementations, the computing schemes of dif-
ferential memristively-enhanced load comparison TLGs are shown to have advantages
over simpler RRAM-based TLG designs, such as in the work of Maan et al. (2016);
Tatapudi and Beiu (2003); Lee and Hwang (2008). More specifically, the differential
implementations, in general, as shown by Beiu et al. (2003c), showcase delay and en-
ergy improvements over non-differential Memristor (RRAM) -based TLG (MTL) de-
signs, as showcased by Rajendran et al. (2012); James et al. (2015a); Maan et al. (2016);
James et al. (2013). At the same time, there is a significant trade-off between energy,
delay and computationally flexibility (reconfiguration capabilities) as well as between
area and complexity for these two main groups of TLGs. While the differential TLG
group is optimised for performance and logic-centric features (e.g. positive and neg-
ative weight configurations similarly to the design proposed by Dara et al. (2017)) the
non-differential MTL gates provide a lower-complexity gate structure where a resistive
network (weighted inputs) is fed into a simple digital gate, such as an inverter, oper-
ating as a thresholding element, thus a circuit that perform a comparison between the
input and a bias. It is worth noting that different variants and configurations of the non-
differential MTL designs can provide novel solutions to RRAM-enhanced TLG-based
computer architectures and are capable of competing against conventional systems in
applications such as object recognition, FPGAs, etc., with some examples highlighted
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by James et al. (2014); Krestinskaya et al. (2018b); James et al. (2015b); Maan et al. (2015);
Zhu et al. (2013); Zhang and Kaneko (2016).

RRAM-enhanced TLGs can compete with other RRAM-based logic circuits, depending
on the application and logic function implemented. More specifically, RRAM-based
TLG can outperform many RRAM-based non-TL logic gates if the function can be
compressed using TL, as showcased by Leshner et al. (2010); Maan et al. (2016). Tech-
nologies such as RRAM-based Look-Up-Tables (LUTs), proposed by Chen et al. (2012);
Kumar et al. (2014), and RRAM-based universal logic gates, with a variety of imple-
mentations existing as shown by Teimoori et al. (2016); Emara et al. (2016); Kvatinsky
et al. (2012), may be preferable in some architectures and/or applications over RRAM-
enhanced TLGs. But the RRAM-based TLG’s requirements for a state-of-the-art multi-
bit RRAM technology, such as the one showcased by Stathopoulos et al. (2017), favours
the implementation of non-uniformly behaved programmable analogue resistive ele-
ments. At the same time, TL computing schemes do not require frequent switching
of the memristive weights, as they are mainly used as programmed-once-read-many
reconfigurable logic, thus do not impose high requirements of switching endurance in
RRAM devices. In contrast, LUTs techniques require stable and hard-defined RRAM
resistive states to operate correctly, being mainly used in digital circuits, while other
logic techniques that make use of memristive networks to perform state-based logic,
for example as shown by Kvatinsky et al. (2012), require total homogeneity of device
behaviour and high endurance in large crossbar arrays to be viable as true alternative
post-von Neumann solution. While unorthodox by mainstream conventional systems,
the implementation of future computers that make use of non-uniformly behaved com-
ponents might be the key to a new era of computing. Neuro-inspired logic schemes,
such as TLGs, are ideal to ‘assimilate’ such ‘imperfect’ technologies, i.e. technologies
that do not offer better reliability and resistive state control compared with existing
conventional digital electronics, and use them to build new generations of computers,
similar to what biological brains seem to achieve in nature’s biological neural networks.

4.2 Overview of RRAM Devices Characterisation

Towards identifying and preparing the RRAM devices appropriately a few important
steps in testing the behaviour of the devices and setting it in an appropriate resistive
state are taken. Although the characterisation and programming of the device is be-
yond the scope of this thesis, it is useful to provide relevant information regarding the
general process in preparing the RRAM devices before they are deployed in the exper-
imental setups and/or extracted for use in a simulated environment. Towards better
explaining the characterisation followed for preparing the device before the hardware
measurements and/or the parameter extraction for simulation testing a few example
of RRAM devices under distinct phases of characterisation are shown in this section.
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FIGURE 4.1: Example of the forming process applied to pristine RRAM devices. The
Forming (V) signal is the stimulus to the RRAM device and the Resistance (MOhm)
signal is the resistance progression read of the device under test. A staircase-like train
of pulse of increasing voltage amplitude is applied to the RRAM device. In this exam-
ple, three phases of programming staircase-like pulses from 1V to 3V are applied. At
the end of the third phase the resistance of the RRAM device under test has been set to
approximate 200kΩ. This process is theorised that changes the geometry of the RRAM
devices towards enabling it to form conduction paths that are necessary for the cor-
rect operation of the RRAM which includes the programming to different states. The
details of the RRAM mechanics and chemistry is out of scope of this thesis and more
information can be found in the work of Stathopoulos et al. (2017); Michalas et al.

(2017).

All the RRAM devices that were employed for the purposes of the experiments and
simulation in this thesis are based on the 30× 30mm2 Pt/TiOx/AlOx/Pt RRAM tech-
nology, showcased and tested in detail by Stathopoulos et al. (2017). It is worth noting
that for the purposes of the hardware measurements and simulations of the circuits
and systems proposed in this thesis, the more standard program-once-read-many op-
eration scheme is assumed for the RRAM devices. Thus, the main focus of the device
characterisation, with regards to the experiments of this thesis, is the preparation and
programming of one or more RRAM devices to a wanted resistance state and then the
testing of the stability of the device under test at this resistive state under specific stim-
ulus.

The RRAM devices employed for the purposed of the experiments in this thesis were
characterised, programmed and tested on wafer through the use of a probe station.
For the experimental setup, I am using an ArC One measurement board (ArC Instru-
ments, UK), alongside the aforementioned probe station, which includes all the neces-
sary hardware measurement equipment and software programs to enable the manual
and automated testing of RRAM devices. The experimental process is shown in the
form of block diagram in Fig. 3.3, in Section 3.4, which showcases the main components
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FIGURE 4.2: Automated programming testing can also be employed to map the RRAM
programming behaviour between resistance states. The Programming(V) signal is the
stimulus to the RRAM device and the Resistance(MOhm) signal is the resistance pro-
gression read of the device under test. This process can test the endurance and stability
of the switching operation between two or more resistive states and how reproducible
is the switching before a large enough state drift occurs that requires correction. Pro-
gramming voltage pulses of different amplitude and duration are applied to the device
towards setting the device to an appropriate resistance level as dictated by require-
ments of the experiment. Reading pulses are also applied usually in low amplitude
range of 200-500mV (Reading(V), Reading signal) towards avoiding unwanted pro-
gramming during the reading operation. Through the reading pulsed I am performing
the appropriate testing the programmed resistance value. More information regarding
the process of setting up an automated process for programming and testing a RRAM

device are showcased by Serb et al. (2014, 2015); Messaris et al. (2018).

of the experimental setup implemented for performing the hardware experiments as
well as the parameter extraction employed to create specific RRAM model instances
for the simulations.

The first important operation performed on pristine RRAM devices is the forming op-
eration. This characterisation phase is important for creating appropriate conductive
paths in the RRAM device thus enabling it to attain stable resistive states across a range
of resistance, as discussed by Stathopoulos et al. (2017). The details of the RRAM mech-
anisms and thus a detailed explanation of the forming process is out of scope of this
thesis. Information can be found in the relevant material science literature for RRAM
device, as discussed by Mehonic et al. (2020); Ielmini and Wong (2018); Zhang et al.
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FIGURE 4.3: Example of detailed RRAM device response mapping for a specific range
of input stimulus. The Reading(V) signal is the stimulus to the RRAM device and
the Resistance(MOhm) signal is the resistance progression read of the device under
test. This process is followed during the parameter extraction of the devices that is
used in order to create unique instances of the Verilog-A RRAM model, as discussed
by Messaris et al. (2018). The process includes the continued pulsing of the RRAM
device under test with a specific voltage amplitude thus testing the endurance of the
device to retain the specific resistive state under the stress of the stimulus (state drift
test). Afterwards, a full current-voltage characteristic graph is created for a specific
range of voltages to test the non-linearity of the device under test. The process is
sequentially repeated for a predefined set of voltage amplitudes similarly to what is
shown in this example. The detailed process is discussed by Messaris et al. (2018).
Since the experiments and simulations performed in this thesis are focused around the
program-once-read-many operation, the devices at this stage of the characterisation
process are tested for the non-switching part of their response. This is usually found
in the range of 0V to approximately 1V. Hence, for this range of voltage stimulus the
devices under test do not exhibit any unwanted resistive state alteration and instead
keep relatively stable the state in which they were programmed to in previous steps

of the characterisation and preparation for employment process.
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(2020a). More specifically, details closely related to the specific RRAM technology em-
ployed for the experiments in this thesis (thus Pt/Al2O3/TiO2/Pt/Ti RRAM devices)
can be found in the work of Stathopoulos et al. (2017); Michalas et al. (2017). In Fig.
4.1, an example of the forming process is showcased. Usually for the initial forming
process an approximate resistive state of below 700kΩ-1MΩ is set as the goal of the
initial state of the formed devices (thus the device that completed its forming process).
A train of voltage pulses are applied to the device under test. after each programming
pulse a reading pulse is applied to check if the RRAM device under test is formed (thus
achieve a predefined resistive state). The reading pulse is of predefined amplitude and
duration characteristics that are not altered throughout the duration of each forming
process. The programming pulse are progressively increased in magnitude during a
single automated process. In most cases, programming pulses of short duration are
preferred to form successfully RRAM devices.

After the forming of the RRAM device is complete, a process of testing and program-
ming the device to an appropriate resistive state, with regards to the specific experi-
ment or simulation aimed to be deployed on, can be initiated. Through this process, I
am deciding on a specific range of resistive states that this device can be programmed
on and be compatible with the specific requirements of the CMOS circuit part of the
experiment. The usual goal is the initial programming of the RRAM at approximately
400-500kΩ as the main upper limit of stable reconfigurable operation. Depending on
the requirements of specific experiments under test, an appropriate number of RRAM
devices are programmed to specific resistive states from this common initial state. For
higher current limiting effect higher resistance states are set while for faster operation
(thus smaller RC delay in circuits) smaller resistance states are preferred. The best
performance of the specific RRAM devices under test (thus Pt/Al2O3/TiO2/Pt/Ti
(10/4/24/10/5) nm configuration) can be observed for the resistive range of below
approximately 150kΩ where better controllable resistance programming operations
and more stable non-drifting reading operation can be achieved. Resistive state above
150kΩ showcase also good programming capabilities that exhibit relatively stable pro-
gramming and reading operation but usually require more extensive characterisation
and testing processes to verify that the endurance is within the specification of each ex-
periment and/or simulation. The behaviour of the RRAM technology under test is also
showcased and discussed in more detail by Stathopoulos et al. (2017). The program-
ming can be achieved through automated or manual programs as enabled by the ArC
One measurement board. Although, in many cases, the automated programming pro-
cess can provide satisfactory accuracy in setting a device to a specific resistive range. In
other cases, the automated process that is applied programs the device under test either
on or close to the required resistive range and afterwards a brief manual programming
procedure is required to set the device to an appropriate resistive state. Examples of a
RRAM device programming is shown in Fig. 4.2.



4.3. Design and Operation 81

Finally, additional testing is required to showcase the endurance and stability of the
programming state of the device, its behaviour within a specific range of voltage stim-
ulus. A detailed characterisation for a specific range of voltages that the device is ex-
pected to be operated under is also performed. Through this process we can better
understand the non-linearity of the current-voltage characteristic behaviour. The sig-
nificance of this process is two-fold. Firstly, data gathered from this process can show-
case if the device is expected to show resistive state drift under the reading operations
(usually below 1V) of the hardware experiments. Secondly, this process is employed for
extracting the appropriate parameters towards mapping a real-world device response
to a unique RRAM device model instance. An example of this process can be seen in
Fig. 4.3. Through this process we can extract the parameters of large sets of devices and
have a set of different model instances fitted closely to the actual behaviour observed
for the real devices’ measurements.

The figures presented in this section showcase examples of the processed described
above for different RRAM devices. For each device employed in the following sections
of this thesis, similar procedures are used to characterise and prepare the devices that
are needed for the experiments. For the experiments and simulations we are perform-
ing static RRAM-based operations which means that the main process followed is the
forming and programming of a RRAM device to an appropriate resistive state and then
the testing of its stability under a specific pattern of stimulus. All the aforementioned
programming and testing procedures are included as software programs for the ArC
One measurements board and details about these procedures can be found in the rele-
vant description of the specific equipment by ArC Instruments (UK).

4.3 Design and Operation

As discussed in Chapter 2 (shown in Section 2.4), differential CM-TLG designs consists
of two parts, as shown in Fig. 4.4. These parts are the differential (showcased with red
shading in Fig.4.4) and the sensor part (showcased with the green shading in Fig.4.4)
. The differential part consists of the input and threshold branches, controlled by the
input and threshold input vectors, respectively. Within each branch, the RRAM-based
resistive weight arrays are implemented by 1T1R computing arrays. Each composite
1T1R element essentially forms a RRAM-based resistively source-degenerated pMOS
transistors. Each 1T1R ensemble receives a digital input signal controlling the gate of
the pMOS transistor; a single element of the branch’s input vector, with the accompa-
nying RRAM device defining the contribution of each such vector element. If the input
is low (active), then a RRAM-dependent current flows from that 1T1R sub-branch to-
wards the sensor part. Additionally, each of the differential branches is power-gated
by a serially connected back-to-back (BtB) pMOS circuit. Through the use of the power
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gate on the differential arrays reading voltage connection, I am controlling the power-
off of the input and threshold arrays during the evaluation phase of the TL operation.

The sensor part is the thresholding element of the circuit is essentially performing a
simple analogue comparison operation between the differential in-flowing currents.
Due to the design of the sensor partially as a sense amplifier for memory reading op-
erations (i.e. CMOS-based latching element) the output of the sensor is binary. By
convention, the canonical output of the sensor (thus the TLG) is indicating if input
1T1R-dependent analogue current signal is greater than the threshold current or vice
versa. For all purposes the sense amplifier is structurally similar to a SRAM mem-
ory cell but with usually larger MOSFET devices since the sensing and latching based
on relatively small differences in the charging/discharging of bit-lines, e.g. in DRAM
banks. More specifically, the latching element consisting of two back-to-back connected
CMOS-based inverters, forming a positive feedback loop (shown in the sensor part of
Fig. 4.4). Due to the use of similar circuits extensively in conventional memory systems
when reading from memory, naturally, the RRAM-based TLG design is IMC compat-
ible if the fact that the 1T1R arrays are memory words (similarly to 1T1C in DRAM
memory banks) and the sensor is a sense amplifier with additional equalisation circuits
is considered. Furthermore, towards enhancing the cascading capabilities of such TLG
designs, two additional CMOS inverters (one per sensor’s output) can be added at the
outputs of the TLG. The additional output inverters can be used essentially for buffer-
ing of the output and towards avoiding any voltage level degradation and isolating the
sensor part from the circuitry connected further down the logic cascade. The power
supply to the sensor part with the isolation inverters is controlled by a pMOS power
gate to enable a full turn-off the sensor when the circuit is initialising. A transistor-level
schematic of the implemented circuit, that contains more details of the actual transistor
and 1T1R arrays placement, is provided in Fig. 4.6a (depicting the case study of 2-input
RRAM-based TLG).

The main design features of my proposed RRAM-based TLG are based on a set of dif-
ferent TL circuits from the literature, such as the designs presented by Dara et al. (2013);
Mozaffari et al. (2018). Similar to Dual Clocked Current Mode Threshold Logic Gate
(DCCML) design, showcased by Dara et al. (2017), I used a common voltage supply
for both sensor and differential parts. Furthermore, the differential 1T1R banks were
connected to the outputs of the sensor, thus speeding up the sensor’s decision-making
operation (differential current comparison) by removing the RC paths introduced by
the 1T1R array path, a design feature similar to transistor-based coupled inverters with
asymmetrical loads (CIAL), as shown by Hidalgo-Lopez et al. (1995), threshold logic
CIAL (CIAL-TL), as shown by Ramos et al. (1998), and their RRAM-based counterpart
shown by Dara et al. (2013).

In more details regarding the operation of the showcased gate, similarly to other cur-
rent mode design, the RRAM-based TLG performs a current comparison operation in
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FIGURE 4.4: Schematic of a RRAM-based differential current mode TLG design. The
specific design implemented and tested in this chapter is also referred to as RRAM-
based Current Mode Threshold Logic Gate (MCMTLG). The two basic parts of design
are the RRAM-based 1T1R array performing a dot-product multiplication between the
RRAM memory contents (resistive memory state also referred to as memristance, i.e.
memory resistance) and the binary input vector controlling the accompanying pMOS
MOSFET device, and the sensor determining which 1T1R array outputs greater cur-
rent. Further details for the differential TLG design can be found in Chapter 2. The
canonical (CA) and complementary (CO) circuit nodes are the output nodes during
the evaluation phase while they are connected to the differential 1T1R arrays (thus the
output of the MAC operations are used as input to the sense amplifier). The outputs
are available during the evaluation phase when the differential current flows have
been compared and a final stable state of the sensor part has been obtained. The clock
signal (CLK) and the complementary clock signal (CLK’) are controlling the sensor’s
power gate and the equalisation circuit, respectively. Hence, the CLK signal defines
the transition between the two TLG operation phases, equalisation (reset) and evalua-

tion (set).

two phases. During the equalisation phase, the differential part is powered-on and the
sensor part is powered-off. At the equalisation phase the voltages at CO and CA are
forced to be almost equal by the shunting BtB pMOS devices between the branches. The
sensor part is not yet powered-on thus no comparison is performed. Next, in the eval-
uation phase, the inter-branch shunting is released, the differential part is powered-off
and the sensor part is powered-on. This has the effect of forcing the sensor part into an
unstable equilibrium where the two inverters in the positive feedback loop are pushing
towards changing state. This allows differences on nodes CO and CA to be amplified
by the positive feedback action of the BtB-connected inverters of the sensor part with
the node having seen the larger analogue current signal to be quicker in winning the
”competition” between the inverters of sensor. Notably the differential part is cut-off
from the voltage supply during the evaluation phase, thus disabling the current flow
towards the sensor, leaving only a brief window for the sensor (during the short period
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of CLK falling and its complementary signal CLK’ rising) of achieving a stable and cor-
rect transition to a binary memory state, based on the small voltage differences settled
during the equalisation.

4.4 Experimental Setup and Measurement Methods

For this practical RRAM-enhanced circuit implementation I used RRAM devices de-
signed and fabricated in-house by Stathopoulos et al. (2017). All the RRAM devices
used in the experimental setups are in 3x3mm2 chips that are wire-bonded to PLCC68
packages. Each RRAM device is a 60x60 um2 cross-point of top and bottom electrodes.
All circuits implemented throughout this work rely on the rich dynamic behaviour of
an in-house Metal-Oxide RRAM technology employing MIM structured devices based
on the specific device configuration presented by Stathopoulos et al. (2017). Originally,
the devices were fabricated on 6-inch SiO2/Si wafer with bottom electrodes (BEs) and
top electrodes (TEs) patterned using optical lithography, e-beam evaporation and liftoff
processes. Similar processes were adopted for the active layer patterning, except that
sputtering was used for the deposition with a magnetron-sputtering tool. The active
layer is constituted of TiO2 and Al2O3 thin-film metal-oxides. After dicing, 3x3 mm2

wire-bonded chips containing RRAM device devices were obtained, with MIM stacks
constituting of Pt/Al2O3/TiO2/Pt/Ti (10/4/24/10/5) nm. The RRAM devices em-
ployed for the purposes of the TLG-related experiments are usually programmed to
below 150kΩ resistive range towards showcasing faster operation of the TLG circuit
due to lower RC delay as well as due to higher controllability of programmable resis-
tive states and endurance under reading stimulus (as discussed in Section 4.2).

All hardware experiments exhibited in this chapter were carried out on a breadboard
proof-of-concept circuit based on the design showcased in Fig. 4.4 and Fig. 4.6a. An
bench-top power supply was used to provide the power rails VDD and GND of the im-
plemented circuits. The results were gathered through a Rigol MSO4000 oscilloscope.
For the experiments on the different weight configuration both packaged devices and
wafer devices, accessed through a probe station, were used. The devices were con-
nected to a breadboard hardware circuit using a breakout board alongside the MOSFET
discrete components. The power supply used for the experiments was 0.65V, to avoid
any unwanted state programming through the trains of reading pulses applied to the
differential part of the circuit. For the pMOS devices I used the NDP5020P (1H10AA)
model while for the nMOS devices I used the SUP85N02-03 (T32BAA) model.

I measured the circuit response through the Rigol MSO4000 Oscilloscope. The input
vector and the clock signal were produced through Python programming language
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scripting, in software, (use of mini computer RPi3 Model B and Python program-
ming language to employ the input-output pins for generating the appropriate sig-
nals) and custom resistive voltage divider -based converter, in hardware, to appropri-
ate configuration-dependent voltage levels. It worth noting that for the case of 3-input
and 4-input experimental configurations of the RRAM-based TLG I measured the input
vectors and the clock signal through the Logic Analyser (LA) digital probes, due to the
limited number of analogue probes available from the oscilloscope. In each experiment,
the memristive devices used were programmed in the required state using an ArC ONE
instrument board (ArC Instruments, UK). All devices used for all the experiments were
located on the same die, i.e. only one memristive device package containing a total of
32 RRAM devices. Having decide upon the details of the components of my practical
implementation, I demonstrate experimental setups to validate the functionality of the
circuit and gaining insights regarding its real-world constrained operation.

4.5 Measurements and Logic Operation Validation

The RRAM-based TLG showcased in this chapter was built using discrete MOSFET
components and real RRAM devices connected on a breadboard. Similar to Dual Clocked
Current Mode Threshold Logic Gate (DCCML) design, as shown by Beiu et al. (2003b), I
used a common voltage supply for both sensor and differential parts. Furthermore, the
differential 1T1R memory arrays are connected outside of the sense amplifier structure
and more specifically to the inputs-outputs ports of the sensor. This design enables the
speeding up the sensor decision-making operation (thus comparison and classification)
regarding the performed current comparison by removing the RC paths of the paral-
lel 1T1R-based network. If the RC delay is introduced by the differential arrays being
inside the dual VDD-GND path of the sense amplifier this impede the compare-and-
classification operation of the sensor, as shown by Beiu et al. (2003b); Hidalgo-Lopez
et al. (1995); Bobba and Hajj (2000). This practice is similar to the Coupled Inverters
with Asymmetrical Loads (CIAL) technique, showcased by Kulkarni et al. (2016). For
my physical implementation with discrete components, the differential circuit uses two
pMOS transistors back-to-back for power-gating. This is done to control the connection
of the digital input and threshold vectors to the reading voltage supply, thus avoiding
logic state degradation of the latching element during evaluation phase, as well as im-
proved operational stability even with noisy input vectors. The BtB pMOS circuits also
enable lower power consumption, due to the fact that the differential part is cutoff and
does not consume power during the evaluation phase. The voltage supply VDD used
in the proposed design is VDD=0.65V, thus ensuring that the memristive devices being
use cannot be accidentally programmed during TLG operation. Furthermore, a BtB
pMOS circuit was used also for the equalisation circuit that reset the sensor part before
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the evaluation being performed. VCLK, which control the operation cycle of equalisa-
tion/evaluation, and the input vector’s high voltage levels, are set to 0.9V. The low
logic level for both the VCLK and the input vector is set to 0V (GND node). A small
computer, and more specifically a Raspberry Pi 3 Model B, is used to generate the clock
signal as well as the digital input and threshold vectors used for the experiments of
the RRAM-based TLG described below. The appropriate outputs are driven by the pin
connections of the computer.

In the 2-input circuit experiments, the threshold branch consists of a single 1T1R-based
memory/logic element (TH) while the input vector consists of two 1T1R-based el-
ements. The example can be seen in Fig.4.6 where the 2-input RRAM-based TLG
schematic is shown in Fig.4.6a and the measured results are shown in Fig.4.6d-h. Sim-
ple Boolean logic gates, such as AND and OR gates, can be interpreted as different
flavours of majority gates. For example, a 2-input MAJ-1 gate is equivalent to a 2-
input OR gate and a 2-input MAJ-2 is essentially the same function as a 2-input AND
gate. Towards mapping these logic function in 1T1R-based memory arrays, RRAM
resistive weights that are programmed in such way that some simple inequalities are
realised are required. More specifically, for an OR gate logic mapping, the RRAM-
based weights need to be set that either input has a larger weight than the threshold
branch (i.e. M1, M2 < TH). Similarly, for the case of AND gate logic mapping the
requirements of: M1, M2 > THandM1||M2 < TH need to be satisfied in hardware by
programming appropriately the RRAM weights. This can be extended to much more
complex threshold functions, as shown by Leshner et al. (2010); Leshner (2010), with
the important requirement that the logic function need to be linearly separable, as dis-
cussed in Chapter 2 regarding the simple artificial neurons operation.

For the case of the 2-input AND experiment (mapped in the proposed RRAM-based
TLG), I used the RRAM-based weight configuration of (M1, M2; TH) = (60.5kΩ, 60kΩ;
33kΩ), thus satisfying the requirements for the AND TL inequality equation (majority-
2 function). From the CA output it is possible to measure the AND function circuit
response, while from the CO output the complementary function, NAND, can be mea-
sured. The measured response of the AND/NAND TLG configuration is shown in
Fig. 4.6c and the input vector is showcased in Fig. 4.6e and in Fig. 4.6f for the first
input (IN1) and the second input (IN2), respectively. The clock signal VCLK that con-
trols the TLG operation (by enabling/disabling the equalisation circuit) is shown in
Fig.4.6g. Due to the use of binary input vectors the quantised corner points of the 2D
area (Fig.4.5b,c) area of interest.

The canonical (CA) output, which is defined by convention where AND and OR func-
tions can be measured, and complementary (CO) output, where the complementary
NAND and NOR functions can be measured, can be seen in Fig. 4.6a. Fig. 4.6c show-
case the CO output of the circuit configured to perform the 2-input AND/NAND gate
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FIGURE 4.5: Concept-level figures highlighting the space separation performed by
TLGs and the programming capability of the threshold. (a), (b) Indicative 2D input
space splitting performed by the 2-input RRAM-based TLG design, for the NAND
case (a) and the NOR case (b) respectively. (c) LTSpice simulation of this TLG design
shown in Fig. 4.4 using resistors instead of RRAM devices. Changing the threshold
weight alters the decision boundary of the classification operation performed in the
TLG. Each weight configurations denoted on the side of each case, in the form of a, b:
c, in units of MΩ, where a, b are the weights mapped in the input array and c is the

threshold/bias resistive weight which defines the classification boundary.

(NAND(CO)), while in Fig. 4.6d the measured CO output for the OR/NOR configura-
tion (NOR(CO)) is shown. The clock signal is determining the equalisation/reset phase
(clock HIGH) and evaluation/set phase (clock LOW) cycle of operation. The outputs
NAND(CO) and NOR(CO) are valid during the evaluation phase, while during the
equalisation it it is shown that the output signals stay at an intermediate unstable logic
level. The VDD=0.65V and the VCLK=VIN=0.9V (for the logic ‘1’). It is worth noting that
due to the use of pMOS devices in the 1T1R sub-circuits of the differential part, the logic
for HIGH input voltage the corresponding input is non-conductive (logic ‘0’) while for
LOW input voltage the corresponding input is conductive (logic ‘1’).

For the second case presented in Fig. 4.6, the differential part configuration was set as
(M1, M2; TH) = (33.8kΩ, 18.3kΩ 41.6kΩ) for mapping a 2-input Boolean OR function.
These values are chosen from the available dynamic range of the RRAM resistive state
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FIGURE 4.6: The circuit schematic and the measured response of the practically imple-
mented 2-input RRAM-based TLG configuration. (a) Circuit schematic of the prac-
tically implemented RRAM-based TLG design showcased here (also referred to as
RRAM-based Current Mode Threshold Logic Gate (MCMTLG)). (b) Measurements
taken from an experimental implementation of a RRAM-based TLG configuration
showcasing NAND functionality, thus an appropriate RRAM-based weight configura-
tion used for mapping AND/NAND logic function. (c) Similarly to the previous case
a different RRAM-based weight configuration showcase a NOR functionality as mea-
sured from the CO output of the RRAM-based TLG configured to map OR/NOR logic
function. (d, e) The 2-input digital input vector signals are showcased. (f) The clock
signal controlling the equalisation/evaluation phases. Regarding the RRAM weight
configurations, I employed the following sets in the experimental hardware imple-
mentation:M1, M2; TH = 60.5kΩ, 60kΩ 33kΩ 33kΩ, 18.3kΩ 41.7kΩ for the AND/-
NAND function and OR/NOR function, respectively. Due to the use of pMOS devices
as the accompanying MOSFET device for the 1T1R differential arrays, the HIGH and
LOW voltage level, of the input vector, corresponds to non-conductive and conductive

MOSFET device, respectively.
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FIGURE 4.7: Experimental measurement of the RRAM-based TLG under test. In this
example, the TLG configuration classifies a 2-input vector, thus 2 1T1R composite com-
ponents are employed from the input array. By using analogue inputs (ramps from 0V
to 1.2V per input) a clearer map of the circuit response is created. Four different cases
are presented in this experiment, mapping every possible TL Boolean function. (a)
AND TLG (M1, M2 ¿ TH and M1——M2 ¡ TH), (b) OR (M1, M2 ¡ TH), (c) OUT = IN1
(M1 ¡ TH, M2 ¿ TH) and (d) OUT = IN2 (M1 ¿ TH, M2 ¡ TH). The memory configura-
tions for each case of the experiment is set as follows: AND 109.1kΩ, 105.7kΩ; 86.7kΩ,
OR 83.6kΩ, 85.9kΩ 262.5kΩ, IN1 78.4kΩ, 233.2kΩ; 109.1kΩ and IN2 253.5kΩ, 82.8kΩ
39.2kΩ. The input/output mapping on the quantised, binary space is also included.
An input activates (deactivates) a specific RRAM device branch of the 1T1R array by
getting LOW (HIGH), due to the use of pMOS as the transistors in 1T1R computing

arrays.
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FIGURE 4.8: Practical implementation of 3-input RRAM-based TLG experiment. (a)
Schematic of 3-input MCMTLG, where the sensor component now includes the CMOS
latching element plus two additional restoration inverters per output. An example
of how a 3D input space is split by the TLG. (b) Canonical (CA) output and (c) and
the complementary (CAb) output as buffered by a CMOS inverter gate to isolate the
sense amplifier’s output nodes from the following circuit cascade. As can be seen
in Fig. 4.8(c) the CAb output does not include the full voltage information of the
CA but instead ”selects to transmit only the final output state available during the
evaluation phase. (d-g) control signals (3-input vector I1, I2, I3 plus clock). The clock
signal is the same as the RST signal in this schematic since the resetting/initialisation
operation (performed during the equalisation phase) is controlled CLK. The weight
configuration for the OR3/NOR3 is M1, M2, M3; TH=31.5kΩ, 30kΩ, 28.2kΩ 68.2kΩ.
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programming capability. Similarly to the configuration of the AND/NAND case study,
the input vector (Fig. 4.6e-f) and the clock signal (Fig. 4.6g) are the same for this op-
erational configuration. Both OR and NOR, as well as the AND/NAND, functions are
performed simultaneously due to the complementary bi-stable operation of the sensor
part.

To highlight the reconfigurability of the MCMTLG and its effect on the defined clas-
sification boundary, additional SPICE simulations (for this case the LTSpice simula-
tion environment was employed for these preliminary simulations) were performed
using an resistor-based emulator version of the proposed circuit. For the transistor
components of the simulated emulator circuit I used commercially available 0.35um
technology node. In Fig. 4.5c different plane classification thresholds are showcased by
changing the threshold RRAM-based resistive weight values of the 2-input MCMTLG
emulator configuration and recording the decision boundary for each case. The first
three RRAM-based weight configurations 3MΩ, 3MΩ; 2MΩ, 3MΩ, 3MΩ; 2.5MΩ,
3MΩ, 3MΩ 3MΩ will result in an OR/NOR logic gate (considering the generation
of both canonical/complementary outputs from the TLG design) while the remaining
three configurations 3MΩ, 3MΩ; 4MΩ, 3MΩ, 3MΩ; 5MΩ, 3MΩ, 3MΩ 8MΩ in an
AND/NAND logic gate. The different resistance scale used in the simulations (in MΩ),
compared to the hardware experimental setups (in kΩ), is based on the goal of testing
the MCMTLG for the MΩ memristance range. The high current limiting effect of these
resistances in parallel 1T1R computing arrays is moving closer to an implementation of
a process invariant TL circuits.

In Fig. 4.7, I am showcasing a practical experiment to validate a 2-input RRAM-based
TLG with sweeping inputs (essentially analogue inputs from logic LOW to logic HIGH),
thus getting a detailed view of the inner working of the physically implemented cir-
cuit. The circuit has been developed for binary input space (the input vector con-
trol the accompanying transistors of the 1T1R) and responds in binary values, but it
is possible to capture the full behavioural aspect of the RRAM-based TLG by intro-
ducing analogue ramp signals as inputs to its input 1T1R array. The analogue ramp
signals are connected to the gates of the accompanying MOSFET devices (or the 1T1R
array). As shown in the results of this experiment, the full evaluation response of a
2-input RRAM-based TLG can be mapped. For the four cases of the response in ana-
logue input signal I used 3 RRAM devices, one for the threshold 1T1R array and 2 for
the input 1T1R array. I program the RRAM devices for performing all the possible 2-
input TL function. The logic functions mapped in RRAM devices for the TLG are the
AND(M1, M2 > TH and M1||M2 < TH) (see Fig.4.7a), OR (M1, M2 < TH) (see
Fig.4.7b), IN1(M1 < TH, M2 > TH) (see Fig.4.7c) and IN2(M1 > TH, M2 < TH)

(see Fig.4.7d). The RRAM memory configurations for each case of the experiment
is set as follows: AND 109.1kΩ, 105.7kΩ; 86.7kΩ, OR 83.6kΩ, 85.9kΩ 262.5kΩ, IN1
78.4kΩ, 233.2kΩ 109.1kΩ and IN2 253.5kΩ, 82.8kΩ 39.2kΩ.
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FIGURE 4.9: Practical implementation of 4-input MCMTLG. (a) Schematic of the 4-
input MCMTLG. (b) Circuit response measured at the complementary output (CO).
(c-f) The signals for the digital 4-bit input vector (I1, I2, I3, I4). (g) The clock signal
controlling the circuit. The clock signal is the same as the RST signal in this schematic
since the resetting/initialisation operation (performed during the equalisation phase)
is controlled CLK. Additionally, to the analogous measured CO output of the sensor,
the threshold-based processed responses from the isolation inverters are also shown
(h,i). The memristive weight configuration is M1, M2, M3, M4; TH = 30kΩ, 21.6kΩ,
31.2kΩ, 25.2kΩ 19.1kΩ. This configuration of the MCMTLG performs the following
Boolean function: F= MAJ2(I1,I2,I3,I4), thus needing at least two conductive inputs for

the total input current to be larger than the threshold current.
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In Fig. 4.9, a 4-input RRAM-based TLG is tested, performing a MAJ-2 (majority-2) TL
function, implemented by configuring the 1T1R TL arrays as follows: M1, M2, M3, M4
TH = 30kΩ, 21.6kΩ, 31.2kΩ, 25.2kΩ 19.1kΩ. In Fig. 4.9a the schematic of the circuit
practically realised is shown, which include an additional 1T1R for the input network
of the differential part. In Fig. 4.9b-i the circuit response and the corresponding control
signals (input vector and clock) are shown. It is worth noting that the CAb and COb
sensor outputs are the outputs of the isolation inverters, included into the sensor part
by the showcased TLG design.

Differential arrays with a larger number of 1T1R composite elements enable increased
fan-in capabilities of the TLG design Thus, the complexity of linearly separable func-
tions that can represented on the 1T1R-based memory arrays is higher and further logic
scaling can be achieved by eliminating larger Boolean gate-based networks with TLGs,
as shown by Leshner et al. (2010). The replacement of large multi-stage Boolean CMOS
gate logic networks, with an equivalent TLG circuit inside an IMC system, can result in
significant reduction in hardware cost, in power consumption and IC area as well as re-
duction of critical signal path length, thus even further improvements in performance
and reduction in power and area, as discussed by Leshner (2010).

4.6 Comparison of proposed TLG design with state-of-art

Through the aforementioned measurements an investigation of the feasibility of such
circuits using state-of-the-art RRAM technology is performed. Although, the main con-
tribution presented in this work is the practical implementation of a RRAM-based TLG
using real RRAM components, the specific design investigated here is not the only em-
bodiment of RRAM-enhanced TL circuits and systems. A wealth of other designs can
be found in literature, albeit only examined through simulations, thus making it dif-
ficult to carry out an immediate comparison. In order to provide comparison data, I
have modelled the RRAM-based TLG design presented in this chapter in the industry-
standard Cadence tool using commercially available 65nm MOSFET technology node,
for the CMOS parts of the design, and a Verilog-A RRAM device model, showcased
in Messaris et al. (2018) and discussed briefly in Chapter 2. The RRAM model is fitted
based on measurements taken from real RRAM devices, through a method showcased
by Messaris et al. (2018). For the simulations performed in this section, the RRAM
model parameters are being set to the parameters showcased in the example case study
exhibited by Messaris et al. (2018). Thus, the specific RRAM model has an initial state
of approximately 16kΩ and can be programmed in controllable small steps from 5kΩ
up to 32kΩ. For the proof-of-concept performance test of this section, no additional
RRAM device was modelled through parameter extraction process. Instead multiple
instances of the example case shown by Messaris et al. (2018) were used. Through this
testing, it is possible, by extrapolating my findings, to predict the performance of my
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RRAM-based TLG design if implemented in deep-submicron technologies and at the
same time providing a better framework for comparison with existing RRAM-based
TLG designs.

Towards comparing the simulated version of the TLG design presented in this chap-
ter, I am providing here information regarding state-of-art RRAM-based hybrid TLG
designs. The state-of-art design were selected towards representing the main design
directions in TLG implementations. The Memristor-based TL (MTL) (shown by Ra-
jendran et al. (2012)) design was one of the first TLG implementations that employed
RRAM devices as its reconfigurable input weights. In MTL the memristive weights
are isolated from the actual thresholding units (implemented in the form of a cascade
of inverters) through the use of nMOS-based current mirrors. The current mirrors are
preventing the reverse current flow from the accumulation node (the node that is con-
nected with the CMOS output circuit) towards the passive RRAM devices. Each RRAM
device is accompanied by a nMOS-based current mirror, thus making this implementa-
tion a 2-transistor-1-resistor (2T1R) type of circuit design. An additional current source
accompanied by a pMOS-based current mirror is used to provide a reference current.
Depending on the current drain each RRAM device is enabling through each corre-
sponding nMOS-based current mirror, a final analogue voltage is used as the input to
the output CMOS comparison and isolation circuit. The first CMOS inverter gate of the
output gate cascade is performing the comparison operation which essentially trans-
lates to the capability of the remaining voltage at the accumulation node to drive the
inverter gate or not. The Resistive TL (RTL) (shown by James et al. (2013)) is similar
to the MTL, but with the simplification that the memristive network is directly con-
nected to the output CMOS inverter gate, thus without the use of current mirrors per
RRAM device. Instead a fully passive RRAM network is considered for the RTL imple-
mentation. Although this may introduce issues such a sneak path currents in a large
array, the advantage is the capability for introducing much higher number of RRAM
devices compared with other hybrid RRAM-MOS array nodes. The output inverter is
employed as the comparator of the specific design similarly to how the comparison is
effectively performed in other designs as well including the aforementioned MTL cir-
cuit. Operational-wise the RTL gate employs a type of low-complexity ratioed memris-
tive network, thus a reconfigurable voltage divider network with pull-up components
(mapping the input) and a single pull-down component (mapping the bias), thus hav-
ing potentially better support for higher fan-in capabilities of the gate. As showcased
by James et al. (2013), additional fully CMOS networks can be introduced as alternative
output readout circuits depending on the requirements of the logic cascade for which
the RTL design is employed for. For the purposed of comparing different TLG designs
the initial simpler design with the single CMOS inverter gate is sufficient and also is
creating a very competitive design in terms of number of devices required.

Another interesting implementations is the CMMTL design (shown by Dara et al. (2013))
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which was one of the first differential TLG concept that used RRAM devices. In terms
of design, CMMTL is similar to my proposed MCMTLG implementation, having its
differential part separated from the sensor part, thus out of the current paths of the
latching component a design more popular in older fully CMOS designs, as shown by
Bobba and Hajj (2000). The design proposed by Dara et al. (2013) is employing 1T1R-
based arrays for mapping the input and threshold vectors. The differential part in this
design is logically separated into two sections of positive and negative weights applied
for both the input array and the threshold array. The negative weights are introduced as
weights contributing the current to the opposite current injection node of each related
weight array. For example, a negative input weight is a weight placed in the threshold
array controlled by the specific input, thus its contribution is competing with the canon-
ical input array (which in this case is considered positive input array). This simple but
effective methods is used to provide a solution to the requirement of both positive and
negative weights for DNN-related applications. The CMMTL design provided promis-
ing results that reinforce the findings suggesting that the differential implementations
have important performance advantages over non-differential TL designs, as discussed
in Section 2.4 and Section 4.1. For example, as shown in Table 4.1, the CMMTL design
showcased better power dissipation and delay metrics over the MTL implementation,
as shown by Dara et al. (2013). Furthermore, another important implementation is the
first order Threshold Function memristive Threshold Logic Gate (1-TF mTG), a more
recent state-of-art differential current-mode RRAM-based TLG showcased by Mozaf-
fari et al. (2018). In the work of Mozaffari et al. (2018), the hybrid RRAM-MOS TLG
design is optimised for minimal transistor count and can achieve very low power con-
sumption and delay. The differential part is using 1T1R-based arrays for the input and
threshold vectors. In terms of design, the 1-TF mTG incorporates in a way the differ-
ential part into the sensor part, with the differential arrays being part of the pull-up
network of the gate. The design is very interesting and is similar to the work of Bobba
and Hajj (2000), which was one of the first to proposed CMOS-based CM-TLGs. The
RRAM-based design is also compared with a fully CMOS equivalent design proposed
by Mozaffari et al. (2017). The results shown by the more recent work of Mozaffari et al.
(2018) showcase that the RRAM-enabled design showcasing a reduced number of tran-
sistor devices due to the use of RRAM devices for the weight reconfiguration in contrast
with the larger MOS-based networks per input that were employed in Mozaffari et al.
(2017). Better performance with the RRAM-devices is also observed.

For the performance metrics of the state-of-art hybrid TLG designs (shown in Table 4.1),
I use published data that support the metrics of power consumption and delay. For the
case of CMMTL, I used data for the delay metric is measured by Dara et al. (2013) using
45nm Berkley’s Predictive Technology Model (PTM) technology node and for 3-input
gate. For the power estimation of the CMMTL I could not gather relevant data from
Dara et al. (2013), but in the comparative study by Maan et al. (2016) an estimation is
provided of power supply with a commercially available 0.25um MOSFET technology
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node and for 2-input case study. The MTL data were gathered from Rajendran et al.
(2012), using 45nm PTM technology node for a 3-input case study. The RTL metrics
were gathered by James et al. (2013), using a commercially available 0.25um MOSFET
technology node and the data refers to 2-input gates. The 1-TF mTG power and de-
lay was measured by Mozaffari et al. (2018) using 45nm PTM technology node and
the used values are for an indicative 3-input gate. With regards to the RRAM model
that was employed for the simulation of each case, CMMTL, MTL and RTL used HP
RRAM device model, as showcased by simulations of Rajendran et al. (2012); James
et al. (2013); Dara et al. (2013), while 1-TF mTG simulations were based on VTEAM
RRAM device model, as shown by Mozaffari et al. (2018). An overview of performance
metrics for the aforementioned state-of-art TLG designs is shown in Table 4.1.

TABLE 4.1: Overview of State-of-Art RRAM-based TLG Designs Performance

Metrics
Hybrid TLG Designs Power (Pop) Delay (tdelay) #Device MOS & RRAM Tech.

Dara et al. (2013) 118.22uW 0.44ns 24 0.25um & HP
Rajendran et al. (2012) 35uW 6.1ns 24 45nm & HP

James et al. (2013) 9.2uW 0.45us 5 0.25um & HP
Mozaffari et al. (2018) 0.27uW 0.195ns 15 45nm & VTEAM

Although the experimental measurements of my RRAM-MOS TLG design is build
upon of-the-shelf components (0.25um MOS devices), in simulation I was able to test
my design using a modern 65nm MOS technology. Towards optimising my proposed
RRAM-based TLG design (MCMTLG design) for the commercially available 65nm tech-
nology we can reduce the power of both operation phases (equalisation and evalua-
tion). For the case of the MOSFET technology, I am employing Wp= Wn= 200nm Lp=
Ln= 60nm devices. For the differential part we for the sensor part we use VREAD=
VDD= 700mV. The sensor part, build around the 65nm technology, is operating at sub-
threshold the evaluation operations are performed correctly for all the performance
tests. The lower the differential parts reading voltage, the lower the sensitivity of the
sensor part due to the more limited current values is. At the same time, smaller volt-
age swings are performed by the sensor part due to a sub-threshold voltage supply.
Additionally, the clock period is set to tCLK=30ns. Based on the performed simulation
results, the tCLK is optimised for performing the fastest cycle of TL operation while, si-
multaneously, ensuing that the timing constraints required for the sensor part to com-
plete the comparison operation without errors are satisfied. The RRAM memory con-
figuration used for the 2-input MCMTLG case is 30kΩ, 30kΩ; 18kΩ, for the 3-input
MCMTLG case is 30kΩ, 30kΩ, 30kΩ; 18kΩ and for the 4-input MCMTLG case is 30kΩ,
30kΩ, 30kΩ, 30kΩ; 18kΩ. As discussed earlier in this section, all the RRAM model in-
stances are based on the example case study showcased by Messaris et al. (2018). The
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comparison-and-classification operation delay was measured for the start of the evalu-
ation phase until the voltage difference between the two complementary outputs, CO
and CA, of the sensor, reached approximately 90%×VDD=630mV. The power of this
simulated TLG configuration was measured by calculating the product of IxV (with
I being the current flowing from the voltage supply and V the value of the voltage
supply), over a single clock period (thus including both equalisation and evaluation
phases) and for the case where all 1T1R branches of the input array are conductive.
Thus, when the digital input vector case is set to all logic ’0’ per input since the accom-
panying MOSFETs in the 1T1R arrays are pMOS devices.

A performance overview of the proposed RRAM-based MCMTLG is shown in Table
4.2. By employing a competitive MOSFET technology (i.e. 65nm technology node for
MOS devices) the simulated hybrid RRAM-CMOS MCMTLG design we can showcase
competitive power (Pop) and delay (tdelay). This can be observed by comparing the per-
formance metrics shown in Table 4.1 against the 3-input MCMTLG case showcased
in Table 4.2. In terms of device count (transistors and RRAM devices), the proposed
MCMTLG and CMMTL have higher count of devices when compared to the much
simpler design of RMTL has the least components. In terms of delay, my proposed
MCMTLG design is comparable with the state-of-the-art 1-TF mTG Mozaffari et al.
(2018) implementation. It can be observed that, in general, differential implementa-
tions (i.e. MCMTLG, 1-TF mTG, etc) have lower tdelay delay per operation that non-
differential ones.

TABLE 4.2: Comparison of Proposed RRAM-based MCMTLG for Different Fan-In
Cases

Metrics
Fan-In Power (Pop) Delay (tdelay) #Device MOS Tech.

2-input MCMTLG 1.64uW 0.203ns 14×MOS+3×RRAM 65nm
3-input MCMTLG 1.79uW 0.124ns 15×MOS+4×RRAM 65nm
4-input MCMTLG 1.89uW 0.122ns 16×MOS+5×RRAM 65nm

It is worth noting that the power and delay of the operation are dependent of the ex-
act RRAM-based weights comparison performed. For the operation cases tested in
this section and showcased in Table 4.2, I am measuring the power and delay for the
case when all input 1T1R branches are active. Thus, the 2-input, 3-input and 4-input
MCMTLG are performing RIN=15kΩ, RIN=10kΩ and RIN=7.5kΩ against RTH=18kΩ
(common threshold for all cases), respectively. Thus, is can be observed from Table 4.2
that the highest delay is shown for the 2-input case due to the relatively to the exhibited
cases close comparison between 15kΩ and 18kΩ.
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Furthermore, it is useful to note that the resistive weights are an important part of the
experimental and simulated behaviour of the proposed TLG under test. Thus, for a
set of RRAM-based weights that is programmed in a different range of resistance val-
ues (e.g. in hundreds of kΩ or tens of MΩ) a calibration will probably be required
towards finding the optimal operational parameters, such as the minimum tCLK and
appropriate voltage supply. From this example, it is easy to showcase that the impor-
tance of exhibiting experimental setups to provide working proof-of-concepts does not
mitigate how significant is the testing in a simulated environment with a much modern
MOS technology.

4.7 Conclusions

In this chapter, I have presented a physical implementation of a proof-of-concept RRAM
device-enhanced TLG. The reconfigurable memristive loads were employed to enable
mixed signal data processing as they exist as analogue inference system to “external”
stimuli (input vector applied to the differential network). The final output of this
primitive analogue RRAM-based inference engine is processed by a low-complexity
sensor circuit implemented by a sense amplifier (thus my design is easily integrated
into IMC systems). Through the presented experimental results, I have shown that the
comparison operation between the memristance of the threshold device and the com-
posite impedance of the input network defines the circuit functionality, thus enabling
a memory-dependent data classification. One important drawback that impedes the
adoption of TLGs into VLSI systems and computer architectures is the lack of sufficient
tools to synthesise TL-based circuits and systems inside computer architecture design,
thus the implementation of specific TL-based logic structures remains mostly as part of
custom IC design, as discussed by Beiu et al. (2003b). The design, testing and valida-
tion of these TL circuits in a practical setting and especially enhanced with emerging
electronic devices, such as RRAM, can enable the better understanding of constraints
that need to be considered before moving towards developing more realistic synthesis
tools for TLG-based IMC architectures.

Through the presented experimental results, I have practically demonstrated the func-
tionality of 2, 3-, and 4-inputs RRAM-based TLGs, showcasing the RRAM-enabled re-
configurability of the base design for all validated cases. Furthermore, I have investi-
gated how RRAM-based TLGs behave when used outside their intended, digital-input
operating regime. Experiments show the decision boundary shapes, which approxi-
mate bevelled L-shapes with lines parallel to the input voltage axes. Further investi-
gation through simulations confirms these shapes and shows graphically how altering
the resistive states of the memristive devices affects the specific decision boundary loca-
tions (most notably which points in the binary-quantised input space lie on the ‘output
= 1’ side of the boundary or the ‘output=0’). Finally, I implemented and simulated a
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3-input TLG in a commercially available 65nm technology for the purposes of compar-
ison with some state-of-art RRAM-CMOS TLGs. Towards that purpose, I have utilised
the RRAM model by Messaris et al. (2018) which takes into account the non-linearity
of the memristive device IV (a typical feature of many technologies, as discussed by
Joshua Yang et al. (2013)). Results testify to the robustness of the TLG concept by con-
firming no perturbation of functionality and power/delay figures comparable, and in-
deed competitive, vs. state-of-art. My work thus provides experimental backing to a
considerable body of literature where simulation work indicates the potential for highly
energy- and area-efficient TL implementations exploiting experimental RRAM devices.

The results of the proposed proof of concept circuits and systems indicate that the
specific non-volatile memory technology being tested could have great impact on the
physical implementation of ANNs through truly mixed-signal implementation, with
analogue processing being efficiently integrated into a otherwise digital system. As
showcased, the RRAM-based analogue processing can have the potential in enhanc-
ing the speed of fundamental arithmetic and logic operations such as MAC compu-
tations etc. Thus, one of the most prominent applications of this logic technology is
the implementation of unconventional more-than-Moore computer circuits, systems
and architectures such as novel neuromorphic computing systems. Based on the find-
ings on RRAM-based TLGs, it can be highlighted how low-complexity logic gates can
have potentially a great impact on the building of powerful data processing systems.
TLGs being a basic memory and logic co-location circuit is an ideal circuit structure
for RRAM devices to be integrated with. The introduction of mixed-signal data pro-
cessing at the nanoscale will negate the necessity for expensive data converters since
the conversion from digital to analogue and vice versa can be done in place using the
1T1R-based computing arrays. The results exhibited in this chapter provide further
insights towards developing primitive mixed signal computing blocks for hardware
acceleration of cornerstone arithmetic and logic computer operation. At the same time,
the RRAM-enhanced designs showcase the greater energy and area -efficiency of the
hybrid CMOS-RRAM reconfigurable systems compared to conventional solutions.

Finally, the present work suggests some routes for further investigation. Notably, it is
logical to expect that the capability of RRAM devices to support fine tuning of their re-
sistances to become particularly valuable in TLGs of even higher dimensionality, thus
with a higher number of 1T1R components for the input array. In a 5-input TLG, the
number of possible points increases to 32 whilst the number of memristive devices
only rises to 6. It would be useful to investigate how the number of possible majority
gates implementable with n inputs increases vs the number of available RRAM devices
(n + 1), and computing a ‘logic density’ metric. I conjecture that a higher number of
inputs n will lead to a higher ‘logic density’ burden, which eventually reaches the max-
imum number of resolvable states attainable by the RRAM device. How this limits
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practical performance remains to be revealed in future work. Another avenue of in-
vestigation pertains to linking multiple TLGs together in larger combinatorial blocks
and understanding, e.g. how the RRAM resistance-dependent delays may affect over-
all timing constraints (particularly in domino logic-type systems), in future prototypes
for hybrid IMC systems.
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Chapter 5

Composite application for
mixed-signal data classifiers

As discussed previously in Chapter 3 and Chapter 4, key computational concepts for
implementing neuro-inspired reconfigurable computing circuits are memory and sys-
tem co-located. Thus, it will be useful to investigate how RRAM-based IMC systems
can be employed to enhance the reconfiguring capabilities of computer architectures
further than is possible through only CMOS-based conventional electronics.It is worth
noting that TL operations are widely used in modern electronics, e.g. in the form of
sense amplifiers inside DRAM/SRAM memory modules, simple non-linearly separa-
ble Boolean gates (i.e. AND, OR, and others), etc. Some techniques have already show-
cased methods for employing the circuitry of conventional memory arrays to perform
simple bit-wise parallel Boolean operations, such as multi-input AND or other (n− 1)-
majority gate where n is the number of the inputs, as shown by Seshadri et al. (2017).
The majority gates are part of the TLG family as discussed in Chapters 2 and 4.

Reconfiguration capability of a homogeneous sea-of-gates type of computing topology
that uses memory-based primitive circuits is one of the most important traits of an IMC
architecture design and the RRAM technology can enhance the processing capabilities
by introducing analogue computing at the nano-scale. In terms of massively parallel
data processing, an IMC system needs to be configured in such a way that the width
of the parallel operations (due to the data vector size aimed to be processed) are ac-
commodated in order to maximise the acceleration of the whole algorithm. If the IMC
system has more resources that are typically used in a specific algorithm, part of the
remaining resources should be altered to include the computing of other algorithms at
the same time, thus enhancing the parallel computing capabilities of accelerators, thus
enhancing parallelism not only data-wise but operation-wise. Towards reinforcing the
IMC-based parallel processing, architectural reconfigurability, thus the capability of the
system to adapt its accelerator structure depending on the operations it need to process
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in parallel, is considered a significant attribute for future accelerators and can have an
important impact on neuro-inspired IMC accelerator architectures. Hence, the intro-
duction of a low-complexity primitive logic circuit that can be configured to operate
under a variety of mixed-signal computing modes can be highly beneficial to future
IMC accelerators.

An important aspect of reconfigurable circuits and systems is the usage of circuits that
can be easily operated between different computation modes without any extensive
rewiring networks which can add significant area and power overhead to the system.
The use of complex reconfiguration networks can defeat the purpose in introducing
hardware-level programmability for accelerator designs. It is important for primitive
reconfigurable circuits to be capable of re-arranging their computational structure with
minimal hardware overhead in order to be capable of being integrated into a sea-of-
gates system, i.e. one of the common configuration for IMC accelerator designs, with
enhanced re-programming capabilities. Towards exploring further the computational
capabilities of the RRAM-based IMC design, extensions of the previous work, shown in
Chapters 3 and 4, are showcased in this chapter. A combined gate for enhanced recon-
figuration capabilities for IMC as well as a proof-of-concept example for a RRAM-based
Wake Up Circuit (WUC) system are shown and tested through Cadence Virtuoso Spec-
tre simulations. The simulations are performed for circuit-level descriptions for both
the RRAM-based combined logic circuit and the proof-of-concept WUC, thus provid-
ing additional information regarding our understanding of the expected performance
of the proposed system.

5.1 Combined circuit for MAC and TL operations

The RRAM-enhanced data processing circuits, such as the ones showcased in Chapter
3 and 4, can be used to design low-power and area efficient IMC systems for perform-
ing massively parallel fundamental operations (e.g. mixed-signal vector multiplication
etc.). As it can be observed from the analysis thus far, a valuable and important com-
putational theme is that most RRAM-based logic techniques can be implemented as a
form of programmable resistive networks that can operate either in voltage mode, i.e.
by forming voltage divider structure, or in current mode, i.e. a set of voltages applied
per each 1T1R component and the output is read through a common node. In many
cases, additional circuitry for classification are employed at the output of the RRAM-
based networks towards processing the output signal and ensuing cascading capability
of the logic operation with other hybrid RRAM-CMOS or fully conventional CMOS cir-
cuitry, as discussed by Serb et al. (2018a).

The RRAM-based network is usually employed to implement a specific logic function
where input control signals (binary or analogue) trigger the mapping of that input into
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Sense Amplifier

1T1R-based MAC Circuit

1T1R-based MAC Circuit Sense Amplifier 1T1R-based MAC Circuit

Digital Input Vector Digital Threshold Vector
Complementary Outputs

Negative Digital Input Vector Negative Digital Threshold Vector

FIGURE 5.1: Schematic of a combined near-memory primitive circuit for MAC opera-
tions and TL computing. The circuit is based on the employment of two 1T1R comput-
ing arrays and a single sense amplifier. The circuits can be reconfigured to either the
MAC circuit (shown in Chapters 3) or the RRAM-based TLG (shown in Chapters 4).
The additional capacitor at the output of the MAC Circuit can provide analogue inte-
gration and storage capabilities and is also available for the combined computational
circuit. The positive digital input/threshold vector is controlling the pull-up 1T1R
array while the negative digital input/threshold vector is controlling the pull-down

1T1R array.

an output (in a true associative memory type of computing), as described with the
computational engine concept in Chapter 2 (see Sections 2.1 and 2.7). The main dif-
ferentiating factor among the different implementations is the input/output biasing
scheme applied/expected from the logic network. Thus, in this chapter, I combine the
design methodologies from the previous chapters and I propose a higher-complexity
reconfigurable logic circuit that can be programmed to operate in either mode of data
processing (i.e. current/voltage mode MAC operation and current/voltage mode TLG
configuration) towards creating a combined RRAM-based programmable computing
cell for IMC (also referred as combined RRAM-based logic circuit or simply combined
logic circuit in the following sections).

As has been established in previous chapters, the 1T1R-based computing arrays are the
main primitive logic structure for performing mixed-signal data processing and can be
encountered in many different forms, as shown by Ielmini and Wong (2018); Xi et al.
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(2020). For the case of the static RRAM-based logic circuits category, the logic function
is mapped as memory-dependent weights and with the computation occurring either
naturally (i.e. physical laws for signal multiplication and accumulation) or through
the design of simple circuit structures (i.e. CMOS latching elements), as shown and
discussed by Papandroulidakis et al. (2019b). Through the proposed configurations of
the previously tested MAC circuit and TLG paradigms, I design a circuit that combines
the different circuit structures, thus performing efficiently mapping between different
signal domains. The aim of combining the different modes of operation into a unified
programmable gate is worth investigating if the need of organising such systems into
a sea-of-gates computer architecture is considered. Hence, these gates have the poten-
tial of being considered the basic logic unit of future field programmable gate arrays
(FPGAs) for mixed-signal computing where the main computing elements, thus the
RRAM devices, can process data under digital and analogue mode of operation.More
specifically, the combined logic circuit is implemented as a reconfigurable RRAM-based
memory-dependent resistive network employing both pull-up and pull-down 1T1R-
based memory arrays with additional neural emulation circuitry for the readout opera-
tion. Similarly to the TLG design, a CMOS-based sensor part is used as a ”compare and
remember” unit that classifies the input and saves the result (i.e. as a binary state in the
CMOS-based latch). An adversarial RRAM-based voltage divider circuit is used to pro-
vide a biasing/thresholding values against which the intermediate node voltage of the
RRAM logic topology compares against. This hardware feature is in agreement with
the design and operation of the proposed data processor designs for IMC architectures.

The combined RRAM-based circuit design for MAC and TL (MAC-TL) operations was
centred around the need to develop a low-complexity reconfigurable computing struc-
ture capable of being used as versatile building blocks of larger IMC systems. Given
that MAC and TL operations can be considered the basis of many neuro-inspired algo-
rithms the design of a programmable circuit for performing both of these fundamental
operations is of high importance. In this section, I am showcasing simulation results of
the proposed combined gate. The design and testing of this circuit can provide impor-
tant insights towards designing a RRAM-based reconfigurable system capable of being
easily integrated into the data-path of conventional electronics.

The combined gate presented here is based on the RRAM-based MAC circuit and TLG
designs showcased in Chapters 3 and 4 and is shown in Fig. 5.1. More specifically,
the combined circuit showcased here incorporates two MAC circuits (shown in Fig.
3.2 of Chapter 3, Section 3.3) as the differential pair of input and threshold arrays of
a RRAM-based TLG (shown as the MCMTLG in Fig. 4.4 and Fig. 4.6 of Chapter 4,
Section 4.3). Essentially, I am integrating the two neuro-inspired designs as part of
a single reconfigurable primitive circuit capable of enabling different data processing
modes on-the-fly for IMC systems. The configuring process of the computing modes,
thus operating as analogue MAC operations or digital TL, can be achieved with a small
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1T1R-based MAC Circuit1T1R-based MAC Circuit Sense AmplifierSense Amplifier 1T1R-based MAC Circuit1T1R-based MAC Circuit

Digital Input VectorDigital Input Vector Digital Threshold VectorDigital Threshold Vector
Complementary OutputsComplementary Outputs

Negative Digital Input VectorNegative Digital Input Vector Negative Digital Threshold VectorNegative Digital Threshold Vector

FIGURE 5.2: Schematic of a combined near-memory primitive circuit configured to
perform MAC operations. The sense amplifier that can perform the TL operation
(current-mode comparison between the two arrays) is deactivated. Thus, each 1T1R
array is capable of performing a separate MAC computation in parallel. The nega-
tive digital vectors are active and a simultaneous mapping of input and/or thresh-
old biasing (per array) can be performed. Hence, negative input-weight and negative

threshold-weight combinations are available for the MAC operations.
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FIGURE 5.3: Simulated waveform when the combined primitive circuit has been con-
figured to perform analogue MAC operations. The VIN is shown in a hexadecimal
format as MSB-(000VIN5) (VIN4 VIN3 VIN2 VIN1)-LSB. A pull-down resistive weight
of 900kΩ is also used for the combinatorial MAC mode. The integrating capacitor is

disconnected from the circuit.
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1T1R-based MAC Circuit1T1R-based MAC Circuit Sense AmplifierSense Amplifier 1T1R-based MAC Circuit1T1R-based MAC Circuit

Digital Input VectorDigital Input Vector Digital Threshold VectorDigital Threshold Vector
Complementary OutputsComplementary Outputs

Negative Digital Input VectorNegative Digital Input Vector Negative Digital Threshold VectorNegative Digital Threshold Vector

FIGURE 5.4: Schematic of a combined near-memory primitive circuit configured to
perform TL operations. The negative digital input and threshold vectors and thus
the pull-down 1T1R arrays are deactivated. The two 1T1R arrays form a differential
pair for mapping input and threshold analogue weights. The two adversarial currents
generated by the reading operation of the two 1T1R arrays are compared through the
sense amplifier circuit. Due to the design of the sense amplifier as a SRAM-based latch-
ing element complementary outputs can be obtained as the result of the comparison

process.

pass-gate network controlling the pull-down 1T1R arrays (alongside the capacitor used
for the MAC circuit’s analogue integrator mode) and the connection to the sense am-
plifier. Thus, a small area overhead is required for the controlled switching between
the different modes of operation of two pass-gates per memory array of the differential
network.

To control the reconfiguration operation of the combined RRAM-based circuit, appro-
priate signals need to be generated. For the case of the MAC circuit configuration
(shown in Fig. 5.2), the pull-down 1T1R network need to be enabled with the addi-
tional capacitor for the case of MAC integrator mode. Simultaneously, the output of
the 1T1R computing arrays are disconnected from the sense amplifier. The two 1T1R
arrays shown in the example configuration of Fig. 5.2 can operate independently when
in MAC circuit mode. In Fig. 5.3, simulated results from an example MAC circuit
configuration are exhibited. The resistive memory configuration, for the example case
study showcase in Fig. 5.2, is set to: {212kΩ, 408kΩ, 403kΩ, 415kΩ, 417kΩ}. The
RRAM model instances used are based on fitting parameters extracted by real RRAM
devices

For the case of the RRAM-based current mode TLG circuit configuration, the pull-down
1T1R-based networks and accumulating capacitors need to be disconnected from the
main circuit, as shown in Fig. 5.4. More specifically, the outputs of the current mode
1T1R-based memory arrays are connected to the sense amplifiers (otherwise used for
memory read operations) which performance the comparison between the analogue
values of the differential arrays. As discussed in Chapter 4, Section 4.3, for the differ-
ential TL operation, two 1T1R arrays are required to create a differential pair (one for
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FIGURE 5.5: Simulated waveform when the combined primitive circuit has been con-
figured to perform TL operations. The VIN is shown in a hexadecimal format as MSB-
(000VIN5) (VIN4 VIN3 VIN2 VIN1)-LSB. The TLG weights are configured as {212kΩ,
408kΩ, 403kΩ, 415kΩ, 417kΩ,; 97kΩ}. The VAIN is the voltage of the analogue output
of the input-dependent 1T1R-based array. The VCA and VCO are the complementary

outputs of the sense amplifier.
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FIGURE 5.6: A close-up look on the simulated waveform presented on Fig. 5.5. The
VIN is shown in a hexadecimal format as MSB-(000VIN5) (VIN4 VIN3 VIN2 VIN1)-LSB.
The VAIN is the voltage of the analogue output of the input-dependent 1T1R-based

array. The VCA and VCO are the complementary outputs of the sense amplifier.

the input network and one for the bias network). In Fig. 5.5 and 5.6, simulated results
from a TL operation mode example are shown. The RRAM resistive states are the same
as for the example case study of the MAC computing configuration with the additional
use of a single threshold RRAM device (through the differential threshold 1T1R-based
array): {212kΩ, 408kΩ, 403kΩ, 415kΩ, 417kΩ,; 97kΩ}.

Since the combined circuit is based on the aforementioned neuro-inspired circuits and
is designed as an extension of the MAC and TLG designs, it is itself easily integrated
into IMC-based circuits and systems. The pull-up and pull-down arrays can be as-
signed to either the same 1T1R computing array or different arrays (one for positive
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current contributions and one for negative current contributions with the two out-
put nodes connected), while the sense amplifier is a necessary part of the IMC since
it is employed for normal memory read operations. Thus, following the rules of the
IMC system design (as discussed in Section 2, Section 2.3), the reconfigurable RRAM-
based combined logic circuit can be used as a primitive logic circuit for MAC-TL opera-
tions inside a memory-centric architecture without the need for extensive reconfigura-
tion hardware. Scaling capability of neuro-inspired circuits and easy organisation into
larger reconfigurable sea-of-gates structures is an important design parameter. Most
neuro-inspired fundamental computing operation need to be capable in arranging their
operations in a massively parallel manner towards providing acceleration for applica-
tions, such as ANNs models, for example as shown by Xi et al. (2020). Based on the
findings and discussion of this section, the design of the combined RRAM-based logic
circuit proposed here can accommodate sea-of-gate architectures.

5.2 RRAM-based Wake-Up-Circuit Design

The evolution of Internet-of-Things (IoTs) and the rise of edge computing necessitates
the introduction of new systems that are capable of operating under different perfor-
mance modes. This is especially true for the cases where a continuous search for a
specific input pattern needs to be in place for detection before any meaningful data
processing can be done. Thus, the design of low-performance and low-power circuit
designs aimed for sensing operation with regards to specific stimulus in the environ-
ment, is of high interest, as discussed by Meyer et al. (2019). When an appropriate input
pattern is detected then a high-performance computing system is activated inside the
edge processor to performed a detailed data processing of the input pattern, as shown
by Meyer et al. (2019).

Different modes of operation are required when the power consumption are of the
essence, such as in the case of edge computing. Hence, the close integration of low-
power event triggered sensing circuits that can ”understand”/classify patterns from
their environment and control the high-performance and, usually, high-power part of
the edge computing architecture is a necessity. Duty-cycling is an important technique
widely used under the edge computing paradigm. In most case of duty-cycling, a low-
power system is employed to perform a low-precision pre-processing of a input signal,
as shown by Gupta et al. (2019). If specific requirements are matched when the pre-
processing is complete, then the received signal includes all the necessary identifiers for
an event triggering of a high-performance and high-power system that thoroughly pro-
cess the input signal in a high resolution manner. The circuit used as the pre-processor
usually is referred to as the Wake-Up Circuit (WUC) since the main computing opera-
tion performed is the generation of a wake-up enabling signal to the high-performance
high-power edge computing if it detect an pre-defined pattern in the input signal, as
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highlighted by Rovere et al. (2018a,b). WUC are usually placed between a main high-
performance computing system and a sensing system that converts and communicates
information from the environment to the edge computer. Usually the sensor-WUC sys-
tems are capable of ”observing”/monitoring the environment around the edge com-
puter and detect specific patterns that can be then processed by the high-performance
part of the edge computer. In some cases, the edge computer is responsible for only a
partial processing before transmitted the partially processed data to another computer
for even more high resolution processing.

In this section, I am showcasing an expansion of the neuro-inspired design methodol-
ogy exhibited on see Chapter 3 and 4 (see Sections 3.4 and 4.5) as well as of the com-
bined RRAM-based logic gate shown in Section 5.1. More specifically, an implemen-
tation of a RRAM-based WUC, an increasingly interesting circuit for computing at the
edge as discussed by Meyer et al. (2019); Rovere et al. (2018a,b), is shown. The RRAM-
based WUC base its operating capabilities on the computing RRAM-based 1T1M ar-
ray configured in an analogue input and output (fully analogue MAC circuit) mode
of operation. The proposed computing concepts combines the design of Current-Mode
RRAM-based TLG and the RRAM-based MAC circuit and is another step towards high-
lighting the flexibility of RRAM-based arrays, as shown by Serb et al. (2017, 2018a,b);
Papandroulidakis et al. (2018, 2019b,a). Essentially, I am adapting an extended version
of the combined MAC-TLG circuit to perform a simple voltage signal pattern recog-
nition. For the analogue MAC circuit gate and operation as an analogue associative
memory. The RRAM-based primitive WUC is based on the previous set of primitive
circuits and, through this case study, I am highlighting the potential in developing com-
plex computational networks using low-complexity logic blocks based on the RRAM
technology. The specific WUC design showcased here can be easily realised inside
a memory architecture design and thus can be implemented as a smaller configured
circuit of a larger reconfigurable IMC system. The system in simulated using commer-
cially available 65nm technology node for the transistor devices and the RRAM model
presented by Messaris et al. (2018) with model instances extracted from real RRAM de-
vices. For the simulations, the Cadence’s Virtuoso Spectre simulation environment is
used.

As discussed in previous chapters (discussed in Chapter 2, Section 2.3), RRAM-based
IMC systems are capable of massively parallel neuro-inspired operation, such as TL
computing, and can be efficiently operated in cross-domain data processing solutions
due to the use of RRAM devices that are naturally analogue devices. Through cross-
domain data processing circuits, it is possible to interpret specific formats of data and
convert them into another format. If this conversion can be performed during the data
processing then, for some cases, the need for an additional data processing step (thus
additional Analogue to Digital or Digital to Analogue data conversion) can be elimi-
nated, thus designing systems with lower power dissipation and lower chip area. Due
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to the computational flexibility of the 1T1R-based computing array, the sensor gener-
ating the stimulus could be place near the IMC system. Depending on the application,
the 1T1R-based circuit can be used without converting the MOSFET-controlling vec-
tor to the digital information domain but instead using analogue signals to control the
IMC arrays (similarly to what shown in Fig. 4.7 hardware measurement in Chapter
4). In that case, the circuit operates as an analogue(-input) RRAM-based MAC circuit,
similarly to what is shown in Chapter 3 (the output remains in analogue format as in
the initial circuit). Similarly to the previous digital-input MAC circuits showcased in
Chapter 3, the analogue MAC circuit can be effectively used to implement a primitive
analogue associative memory. The memory contents of RRAM devices are fully ana-
logue while in this specific use case the input voltage set controlling the transistors of
the array are also analogue. The result of the MAC computing is provided in analogue
form, similarly to the digital-input MAC circuit showcased in Chapter 3.

Using what is essentially an extended version of the combined RRAM-based gate, as
shown in Fig. 5.1, the output of the input 1T1R-based array is compared against two
voltage threshold levels simultaneously. Comparison against additional voltage lev-
els could be introduced but by limiting the comparison against only two other arrays,
the circuit can be easily mapped into a crossbar-based system without any additional
reconfiguration network. The proof-of-concept application in this sections is centred
around the identification of a simple pattern of a voltage signal evolution through time.
The voltage could be generated through any kind of sensor that provides stimulus for
the computing 1T1M array. To identify a time-constrained pattern appropriate count-
ing circuits need to be introduced additionally to the circuitry used for checking the
voltage level of the input signal. A general block diagram description of the RRAM-
based WUC discussed and designed in this section is shown in Fig. 5.7. In Fig. 5.7, I
make the concept assumption that an optical sensor is detecting a specifi event from the
environment and performs an appropriate conversion of the sensory data to a set of in-
put signals. This, of course, can be generalised to any similar sensor system that detects
specific events from its environment and translates them into appropriate electrical sig-
nals to be proposed by the RRAM-based WUC. The input vector is then introduced to
the RRAM-based WUC, which is part of a generic IMC system, and more specifically
to the gates of the accompanying MOSFET devices of the 1T1R arrays. As discussed,
the input signals can either be in analogue or digital form since the combined hybrid
RRAM-MOSFET MAC-TL circuit can operate under both input stimulus. The main op-
eration of comparing the input stimuli with the appropriate voltage levels is performed
in-memory through the use of appropriate weights in the 1T1R components. The com-
parison is performed by the sense amplifier at the end of the RRAM-based memory
banks.

The analogue MAC circuit receives a set of signals as input stimuli (could be either
digital or analogue) and generates an analogue voltage value mapped from the array
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FIGURE 5.7: In this figure, a general block diagram description of the main compo-
nents of the RRAM-based Wake-Up System is showcased. The optical sensor is an
example considered for this concept and other types of sensing systems could be em-
ployed to convert an environmental (with regards to the computer) observation to an
appropriate set of electrical signals. The output of the sensor send the input stimulus to
the IMC system with the different coloured cells representing different RRAM-based
weights. I assume a DRAM-like crossbar-based structure for the IMC system. the main
memory and computing unit is found in the form of the 1T1R array. The main WUC
operation are performed inside the memory array (through the 1T1R arrays and the
sense amplifiers) with some additional peripheral circuitry necessary for the whole
pattern detection system to be complete, thus making this system a Near-Memory
Computing (NMC) architecture. If a pattern is matched then a wake-up signal (pattern
match flag signal) is generated to enable a high-performance system towards process-
ing the environmental stimulus further. The actual high-performance computer is out
of scope for the WUC design of this section. Similar system configurations that incor-
porate a event-detecting systems’ duty-cycling is considered important especially for
applications at the edge where the continuous operation of high-performance systems

can be hard to implement.

based on the input vector and the weighting information of the RRAM contents. The
comparison operation is essentially based on the RRAM-based TLG circuit, showcased
in Chapter 4 and shown by Papandroulidakis et al. (2018), and on the combined gate
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showcased in Section 5.1. The extended version of the combined gates used for WUC
is shown in Fig. 5.8 where essentially two RRAM-based combined MAC-TL circuits,
placed inside an IMC architecture, are simultaneously operated to perform at the same
time two comparisons. The RRAM-MOSFET TLG designs can be easily integrated into
a crossbar array topology of hybrid 1T1R-based computing-memory word-lines and
peripheral sense amplifiers, thus a design well-fitted for IMC systems. Some additional
peripheral circuitry is necessary for the specific application presented in this work. Cir-
cuit such as timing circuits (counters), shift registers and some additional control logic
necessary for generating the appropriate control signals for the peripheral and main
circuitry are build using CMOS technology. The RRAM arrays are used as a form of
miniaturised associative memory with capabilities in programmable logic operations
(since the comparisons are based on the memory contents of the arrays, a concept dis-
cussed thoroughly in my work with the RRAM-based TLG design showcased in Chap-
ter 4 (also referred to as MCMTLG), as showcased by Papandroulidakis et al. (2018)).

The reference voltage levels for each phase of the pattern matching operation are de-
fined by appropriately programmed 1T1R components of the threshold arrays (arrays
to the left and right of the analogue MAC circuit as shown by the leftmost and rightmost
1T1R array in Fig. 5.8, respectively). The outputs of the sense amplifiers, that perform
the comparison operation, are connected into simple Boolean digital logic. More specif-
ically, the circuit is a Boolean AND function with inputs the CA of one sense amplifier
and the CO of the second sense amplifier. Through that AND gate it is possible to check
if the output of the analogue MAC circuit is between the two voltage thresholds. The
generated control signal (output of the AND gate) is connected to CMOS-based coun-
ters. If a proper number of sequential comparison TL-based evaluation is measured,
through the counter, then the matching to a specific pattern phase (controlled by the
set of threshold values programmed in the RRAM devices of threshold 1T1R arrays)
is confirmed. If a specific phase is matched then the circuit starts the evaluation of
the next phase of the pattern matching operation by enabling the next set of thresh-
old RRAM weights. The counters are initialised for them to count the next potential
matching count operation. In the case that during the counting the evaluated signal
is found outside the reference voltage band (thus there is a mismatch of the ongoing
pattern check operation), then a simple Boolean logic circuit (i.e. a XOR/XNOR gate
to compare the digital outputs of the sense amplifiers) generates a terminate matching
operation signal for the RRAM-based WUC to start again from the initial phase of the
pattern matching operation. This is based on the assumption that a specific pattern
need to be detected without any breaks in between the different phases of the pattern.
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FIGURE 5.8: Schematic of the circuit-level system representation is showcased. The
main computing circuits are the memory array itself used as a miniaturised associative
memory to map information of a vector of analogue voltages into a single analogue
value. In order to complete the computation additional circuitry is necessary thus
categorising the specific RRAM-based WUC design under the near-memory comput-
ing (NMC) techniques. It is worth noting that the main computing circuits where the
data mapping is performed such as the 1T1R arrays and the sense amplifiers are tradi-
tionally fundamental parts of a typical memory architecture, such as DRAM. Hence,
essentially the overhead is of the shift registers, counters and additional Boolean logic
gates used to enable the tracking of the signal and the generation of appropriate en-
abling/disabling signals in case of a pattern match/mismatch. In the block diagram of
the system, the digital input vector is controlling the input 1T1R array while the digital
low and high threshold vector is controlling the low and high thresholds, respectively.
For this specific case study the negative vectors (controlling the pull-down network
of the MAC circuit) are not active. The first and second sense amplifier performs the

comparison of the input against the low and high threshold, respectively.

5.3 WUC Simulation and Results

The RRAM-based WUC is tested through simulation on Cadence’s Virtuoso Spectre
simulation environment. The simulated system is based on RRAM-based TLG design
presented in Chapter 4, Section 4.3 and presented by Papandroulidakis et al. (2018), as
well as the combined gate shown in Section 5.1. Two CMOS-based sense amplifiers
are connected simultaneously to this computing array with two other 1T1M arrays that
are being used to store two sets for the reference threshold voltage level, as shown in
Fig. 5.8. The reference voltages are used to define the analogue voltage band necessary
to the pattern matching operation. A set of digital voltages is controlling the selection
lines of the RRAM-based MAC circuit pull-up network. The output of the sense am-
plifiers, after a computing step of Boolean-based digital processing (thus with CMOS
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Boolean logic gates), is used to control the CMOS counter operation which will time
the matching event per phase of the whole simulation. In the case that the analogue
output of the analogue MAC circuit moves outside of the reference voltage band, this
event need to be detected, and the process of the pattern matching terminated and re-
initialised from the first phase. The simulations that showcase this proof-of-concept
RRAM-based WUC are based on a circuit-level description of the aforementioned sys-
tem parts.
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FIGURE 5.9: In this figure, a proof-of-concept RRAM-based WUC example of a pattern
mismatch is exhibited. After confirming a match for the first phase of this two-phase
pattern (VMATCHF LAG goes LOW), the signal generated by the input 1T1R array is
outbound for the second phase of the pattern. This result in the firing of the signal
VOBLOWC HECK and the generation of a total pattern match reset with the VTIMOUTLOW
signal. It is possible to configure the timing constraints by increasing the size of the

CMOS DFF-based counters.

The simulations of the proof-of-concept RRAM-based WUC are exhibited in Fig. 5.9
and Fig. 5.10. The simulations are employing a commercially available 65nm technol-
ogy node for the MOSFET components and the RRAM device model showcased by
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FIGURE 5.10: In this figure another example of the proof-of-concept WUC operation
is showcased. In this simulation results a two-phase pattern match is confirmed.The
VMATCHF LAG signal is confirming both phases of the example two-phase pattern.
Thus, with additional circuitry (i.e. a counter or shift register) the appropriate wake-up
signal, enabling the high-performance and high-precision computer, can be generated.

Messaris et al. (2018). RRAM model instances have generated through a parameter
fitting process (described by Messaris et al. (2018)) which is based on the parameter
extraction from real RRAM devices. The measurement of the real RRAM devices was
performed with the use of a probe-station and the measurements board ArC One (ArC
Instruments, UK), similarly to the process described in Section 4.2. In Fig. 5.9 an exam-
ple operation where a two-phase pattern mismatch is exhibited while in Fig. 5.10 an
example operation where a two-phase pattern match is showcased. The VMATCHC HECK

signal is used to control the counting of phase matching per pattern phases. If the
matching is occurring for a satisfactory amount of time (as defined arbitrarily by the
pattern matching requirements), thus if enough VMATCHC HECK pulses have occurred
without any outbound flag reset, then a flag signal VMATCHF LAG is generated. The
timing is defined by using the appropriate size of CMOS-based counters, thus it is



5.3. WUC Simulation and Results 117

useful to integrate CMOS counter that can be used for timing the maximum possible
phase duration and then through a multiplexing network the appropriate outputs of
the counter will control the VMATCHF LAG signal. The VMATCHF LAG is used as a clock
signal for a shift register which, in turn, is used to control the accompanying MOSFET
devices of the threshold 1T1R memory arrays (the threshold voltage levels are shown
as the VTHRESHLOW and VTHRESHH IGH signal in Fig. 5.9 and Fig. 5.10). Two additional
outbound flag signals VOBLOWC HECK and VOBH IGHC HECK are firing when the signal is
lower than the pattern phase voltage band and when the signal is higher that the ref-
erence voltage band, respectively. I use additional CMOS D-Flip-Flop (DFF) -based
counters to control the time of outbound signals and if a pre-defined time passed with
the signal being outbound then a total reset of the pattern matching operations is per-
formed. The pattern match reset is controlled by the time-out flag signals VTIMOUTLOW

or VTIMOUTH IGH. Similarly to the CMOS counter for phase match, the area overhead
of the outbound check counters depend on the maximum available timing for mea-
suring the pattern mismatch of the signal. Additional simple CMOS-based Boolean
AND/OR logic gates are necessary to generate the match/mismatch signals that con-
trol the counter circuits and can send the flag signal to the high performance computing
system in the case of the full pattern match occurrence.

The timing constraints can be implemented in the form of CMOS-based counters. The
outputs of the sensors are used to control the counting operation. More specifically,
when the input voltage signal is outside the threshold voltage band then no counting is
occurring. In the case that the input voltage is within the limits of the threshold voltage
band constraint then a counting is occurring and when a specific amount of time has
passed then the next phase of the pattern matching operation is selected. For the next
phase of the pattern matching to occur the next set of threshold weights of the thresh-
old 1T1R arrays are being enabled. Similarly to the first phase, the voltage output of
the gate needs to be confined to the new reference voltage band for a specific time.
If all the programmed phases are matched without any mismatch in between then a
final pattern has been found and the high performance systems waiting for the wake-
up signal can be enabled. Other than the DFF-based counters that define the timing of
matching/mismatching phases the main operation performed by the CMOS peripheral
circuitry is detection of whether the signal is within (or not) the phase voltage window.
The detection is performed through a XNOR Boolean logic gate. The input are con-
nected to two sense amplifiers used in the WUC scheme while two other 1T1R arrays
mapping the threshold values are connected as the adversarial connections for each
sense amplifier. More specifically, I am using the canonical output of the first sense am-
plifier (checking the low threshold) and the complementary output of the second sense
amplifier (checking the high threshold) as inputs in a XNOR gate to check when only
one of the inputs (the canonical output of the low threshold sensor) is HIGH while the
other LOW. In the cases where both inputs are LOW or HIGH then a phase mismatch
occurs. If the phase mismatch exceeds a specific timing constraint (depending on the
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pattern detection requirements) then a full pattern mismatch occurs and the RRAM-
based WUC is initialised to recheck from the first phase of the pattern.

It is useful to note that the main advantage of implementing a system like the RRAM-
based WUC is our capability to integrate primitive pattern matching circuits into a
programmable computing RRAM-based IMC system. It is also worth highlighting that
the hardware cost in system’s area and complexity can be considered low. The 1T1R
arrays and the sense amplifiers are necessary computing and/or memory components
for implementing a simple memory architecture. The additional circuitry required for
this proof-of-concept system are the CMOS DFF-based counter, the XNOR gates and
some additional Boolean AND/OR gates for the generation of appropriate signals con-
trolling the operation of WUC and enabling or disabling the high-performance systems
that awaits the full pattern match flag signal. The AND/OR gate can easily be mapped
into RRAM-based TLG circuits in a subsequent IMC bank. The non-linearly separable
XNOR could also be mapped in multiple arrays of RRAM-based TLGs. The capability
to map even supplemental logic functions into the IMC system can help reducing the
area and power cost of the CMOS peripheral circuitry.

Since the RRAM-based WUC implementation is build around the IMC-centric circuits
of 1T1R-based MAC computing arrays and the TLG design, it is possible to consider
this RRAM-based WUC as a Near-Memory Computing (NMC) approach, since there
are CMOS-based circuits placed in the periphery of the memory array that are neces-
sary for the WUC operation (i.e. such as CMOS counters, shift registers, simple Boolean
logic gates etc.). As discussed previously, the RRAM-based MAC circuit and TLG can
be easily integrated into a memory system architecture, similarly to a DRAM memory
bank but instead of a capacitor a RRAM device is used as the memory element. In
such designs, the sense amplifiers are connected to two memory arrays with the read
memory operation being used to charge/discharge the bit-line enough for the sense
amplifier to perform a memory read per bit-cell of a memory word. This is a common
design for DRAM due to the storage of complementary information in the two adjacent
arrays towards mitigating the sensing classification delay occurred due to the usually
large bit-lines. A similar approach in designing a RRAM-based IMC system centred
around the MAC circuit and the TLG can be followed especially since, in most cases,
the IMC system is required to be able to operate also as simple memory and not only as
an optimised accelerator for computing specific operations, thus combining multiple
modes of operation depending on each algorithm’s requirements. Thus, the IMC ar-
chitecture that is considered as the topology to implement parallel RRAM-based WUC
has already the connectivity in place to perform what is essentially a dual MAC-TL
operation for comparing a single input signal against two voltage level threshold. This
can be achieved by activating three adjacent 1T1R-based memory arrays and the two
sense amplifiers connected to these memory arrays.
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5.4 Conclusions

In this chapter, I showcased the design of a combined RRAM-based MAC-TLG circuit
for IMC systems. I employed the RRAM-based circuits exhibited in Chapter 3 and 4
to design circuits of an increased level of reconfiguration capabilities fitted for IMC
systems. Firstly, I am showcasing simulation results of a combined RRAM-based gate
based on the 1T1R-based MAC circuit and the RRAM-based current mode TLG. The
combined circuit is implemented by introducing a programmable pull-down RRAM-
based network for the use as a MAC circuit. Additional circuitry such as an integrating
capacitor per 1T1R computing array can be also added to the design towards enabling
the different modes of operation or the array (i.e. integrating mode, combinatorial
mode, etc.). Secondly, I am showcasing a proof-of-concept simulation of a RRAM-based
Wake-Up Circuit based on the combined circuit. The design is allowing the implemen-
tation of a simple RRAM-based WUC for identifying simple voltage signal patterns
inside an IMC accelerator architecture.

The circuit designs showcased in this chapter exhibit the computational flexibility of
the previous primitive circuits and how a larger network of such primitives logic blocks
can be used to effectively map in hardware more complex logic functions. The main
computation is performed inside the memory system while a small number of low-
complexity CMOS-based components are employed as part of a peripheral circuitry
that helps with the generation of appropriate control signals to enable the simple volt-
age level pattern matching operation of the proof-of-concept WUC system. Thus, the
design seems feasible to be integrated in IMC without a large hardware area overhead.

One of the main design decisions in IMC systems is the design of the main primitive
component for in-memory acceleration operations as well as the topological connec-
tivity of those circuits. Through this proof-of-concept RRAM-based WUC, I am high-
lighting how primitive RRAM-based circuits can be used into a programmable IMC
computing substrate towards performing complex operations. Additionally, the show-
cased results indicate that implementing WUC-based detection of simple signal pattern
can be designed in RRAM-based IMC systems essentially without any modification of
the computing-memory arrays that form the sea-of-gate design. This enables the de-
sign of programmable IMC with simple pattern classification capabilities inside the
same accelerator architecture. This can have potentially the result of implementing a
homogeneous IMC system where the duty-cycling is enabling different parts of the
IMC-based accelerator.
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Chapter 6

Conclusions and Discussion

In this section, a discussion and concluding remarks are presented with regards to the
findings from this thesis. More specifically, I am discussing the results of this thesis
with regards to the hardware realisation of RRAM-based circuits and systems capable
of performing mixed signal computation in-situ. Additionally, I am discussing the po-
tential organisation of these RRAM-based (also referred to as memristor-based or mem-
ristive) logic into digital and analogue reconfigurable sea-of-gates networks with some
preliminary findings (as found through Cadence Virtuoso Spectre simulations) show-
casing promising results. It is important for future implementations of similar circuits
and systems that the competitive traits of RRAM-enhanced neuro-inspired circuits and
systems are appropriately understood and the findings presented in this thesis can be
used as an important stepping stone in the design and methods development required
to further expand the investigation of the hybrid RRAM-MOSFET circuits.

In this work, I showcased, designed and practically implemented circuits and sys-
tems based on RRAM devices towards identifying the inner workings of primitive
RRAM-based neuro-inspired circuits and designing computationally flexible building
blocks for RRAM-enhanced In-Memory Computing (IMC) designs. The circuits were
designed and studied in Spectre simulations (through Cadence’s Virtuoso simulation
environment and the RRAM model proposed by Messaris et al. (2018)) and practically
realised in hardware, using real RRAM devices (based on the work by Stathopoulos
et al. (2017)) and off-the-shelf MOSFET components, towards providing practical evi-
dence regarding their actual behaviour as part of a future IMC system. Through the
exhibited results, a clearer picture of the importance of RRAM devices can be show-
cased for hybrid RRAM-CMOS reconfigurable electronics and in silico classification
engines.

More specifically, I showcase the design of low-complexity primitive RRAM-based cir-
cuits capable of performing fundamental computer arithmetic and logic operations,
such as Multiply-Accumulate (MAC) (shown in Chapter 3) and Threshold Logic (TL)
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(shown in Chapter 4), analogue signal comparison, digital vector classification, etc.
Through the implementations and testing (both in simulation and in hardware exper-
iments) of primitive RRAM-based circuits a novel hardware IC solution methodology
for IMC accelerator architecture in future post-von Neumann systems is showcased.
The design and testing of the RRAM-based circuits has been approached through the
scope of introducing minimal additional circuits other than the ones necessary for the
operation of RRAM-based memory operation, thus requiring a small area of integration
for easy configuration into a dense IMC architecture.

The operation of the primitive circuits were validated through practical realisations in
hardware exhibiting strong evidence towards implementing RRAM-based classifica-
tion systems in silico. The practical implementation through hardware is important
since it provides further evidence on the actual operation of these circuits. The use of
real experimental RRAM devices on a hardware prototype circuit, as presented and
discussed throughout the thesis, showcased that primitive circuits for in silico classi-
fiers inside IMC systems are feasible. Additional simulations using state-of-art RRAM
device model is also providing additional evidence with regards to the expected per-
formance of such circuits and systems.

Furthermore, I showcased higher-level circuits and systems where the hybrid RRAM-
MOSFET primitive circuits can be employed as part of a larger IMC system. Towards
validating the role of these low-complexity primitive circuits performing cornerstone
arithmetic and logic operations, I am showcasing configuration of proof-of-concept cir-
cuits and systems, such as the Winner-Take-All network (WTA) based on the RRAM-
based MAC circuit (shown in Chapter 3) and Wake-Up Circuit (WUC) based on the
composite RRAM-based MAC-TLG circuit (shown in Chapter 5). Through these proof-
of-concept systems, I showcase a methodology for integrating RRAM-based primitive
circuits into higher level circuits for neuro-inspired computing inside the memory ar-
chitecture.

Through my findings, I support the research area of integrating RRAM technologies
into computer architectures. Although many RRAM-based circuits are aimed towards
replacing specific circuits of conventional computer architectures, such as logic gates,
memory arrays, etc., there is an even greater effort at investigating how the novel
RRAM devices can be employed towards implementing novel RRAM-MOSFET post-
von Neumann designs, such as the next generation of RRAM-based IMC systems. The
proof-of-concept circuits and systems showcased in this thesis are based around the
use of RRAM-based memory arrays that can be employed additionally as computing
systems. More importantly, the circuit design is approached from the start as part of
an IMC accelerator architecture that bases its main computation on RRAM devices. Al-
though IMC-based computing concepts have been explored in the last decades, as dis-
cussed in Chapter 2 (Section 2.3 and 2.7), the findings shown in this thesis are adding
more information towards maturing such computing paradigms. This is achieved by
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providing both proof-of-concept hardware experiments results in addition to extensive
simulation testing and by employing state-of-art RRAM devices. Although the circuits
designs tested (under both experimental setups and simulation) are exploring a similar
computational concept they are showcasing important distinct case studies of the IMC-
based primitive circuit category of RRAM-based logic. Thus, each experiment is cover-
ing a separate need for testing and exploring the capabilities of primitive RRAM-based
logic gates. Different levels of integration inside an IMC system are investigated (both
at memory array level and higher system level). The findings for each case can be used
together towards providing a more accurate extrapolation of the potential performance
of such circuits. For the case of the experimental measurement, the full functionality of
the circuit under test, using the current state-of-art in hardware emerging components
(RRAM devices) and of-the-shelf components, is important to establish the type of cir-
cuit behaviour that should be expected in future high-level IC implementations. At
the same time, through simulations it is highly useful to employ the best of state-of-art
emerging and conventional technologies available to test an indicative performance of
the proposed designs. The combined experimental and simulated results can showcase
the potential advantages of integrating RRAM technology in novel computer architec-
tures which, with further maturity of the RRAM technology and even closer co-design
of RRAM-MOS circuits, could be considered one of the most promising candidates for
future accelerators. RRAM devices can provide a wide variety of beneficial traits in
circuits and systems especially for the family of neuro-inspired IMC computer archi-
tectures and this is supported by the results shown throughout this thesis.

Many routes of exploring the computational capabilities of hybrid RRAM-CMOS sys-
tems can be followed as future work from the showcased findings of this thesis. More
specifically, the implementation of hybrid RRAM-CMOS IC designs to test the integra-
tion capabilities and performance of the proposed systems in higher-level hardware ex-
periments could be an interesting next step for this research area. Testing a system-level
hardware implementation of the a RRAM-based IMC paradigm can be considered an
important part of future work since it would be beneficial in paving the road for the ma-
turity of the RRAM-MOS circuits and systems co-design. The hybrid circuit implemen-
tations that can be used to explore the design and operation requirements of larger IC
systems is broad. It can include primitive computing gates, such as the ones showcased
in this thesis (thus enabling the testing of a variety of complex operations), or larger and
application-specific circuits. Although any circuit design that can be adapted for inte-
gration for IMC-based architectures can be used to test a higher-level system and/or
architecture, the simpler circuit designs can be employed to substantially enhance the
reconfiguration capabilities of a larger system. Additionally, a system build based on
low-complexity primitive circuits, such as the ones showcased in this thesis, can more
easily allocate the appropriate number of computational resources for each task max-
imising performance for minimum power dissipation, since the part of the accelerator
not used can be powered down. Applications such as Deep Neural Networks (DNNs)
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that require a large number of MAC operations could be highly accelerate with the
proposed hybrid MAC-TL circuit. Additional interesting case studies can be explored
when integrating primitive RRAM-MOSFET circuit in IMC-like architectures such as
the employment of different areas of the same memory system (thus different mem-
ory arrays) for different operations in terms of type of data processing and the further
exploration of the performance of analogue LUTs.

Since the completion of this thesis, further findings have been showcased and new
solutions have been suggested by researchers on the topic of hybrid RRAM-CMOS cir-
cuits and systems. Some of the most interesting results, that signify the effort to design
and implement RRAM-based circuits, are those showcasing two distinct methods of
computing with RRAM: the conventional and unconventional computing. The first
paradigm is continuing to provide evidence of increasing maturity of IMC-like com-
puting. Findings shown by Murali et al. (2021) support the further advancements on
three-dimensional architecture of IMC-based computing cores for the design of mixed-
signal accelerator design. Additionally, results highlighted by Yin et al. (2020) showcase
new evidence on the maturity of hybrid RRAM-MOS IC designs for low-complexity
binary ANNs. Furthermore, advancements of hybrid Non-Volatile SRAM (NVSRAM),
based on a hybrid RRAM-MOS design, can be employed to accelerate the integration
of different memory technologies as well as to create novel memory and computing
systems, as shown by Bazzi et al. (2021). Another important paradigm that shows
promising results is the incorporation of RRAM technology in unconventional meth-
ods of computing. This is especially interesting since it can provide evidence of other-
wise unwanted parts of the RRAM behaviour, such as resistive state stochasticity and
current-voltage non-linearity, being exploited to introduce computations in a truly un-
conventional manner. For example, RRAM-based systems for hardware cryptographic
engines showcase high interest. RRAM devices, due to their intrinsic behaviour, have
been already showcased as highly useful in designing powerful Physically Unclonable
Functions (PUFs) and True Random Number Generators (TRNGs), as shown by Ud-
din et al. (2019); Uddin and Rose (2019); Cambou et al. (2020). The advancements on
hardware cryptography designs and performance can potentially greatly benefit the
security of computing systems with highly efficient PUF and TRNG systems employed
another reconfiguration mode of IMC accelerator architecture. Furthermore, another
great example of the computationally flexibility of such hybrid RRAM-CMOS system
could be the employment of such designs in probabilistic and stochastic computing, as
shown by Le Gallo et al. (2018); Krestinskaya and James (2018); Rahimi et al. (2015). The
design and implementation in hardware of these systems seem, in many cases, feasible
through the existing technologies and design methodologies. More importantly, the
main circuit and systems architecture can remain the same while, by employing differ-
ent programming and/or reading schemes as well as using different readout circuits
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and methods, we can employ all the aforementioned unconventional ways of comput-
ing with the same main computing RRAM-based arrays that we use for the conven-
tional methods. Considering the hardware results shown in this thesis it is possible
to extrapolate that a higher-level and higher-scope RRAM-based sea-of-gates system
could exhibit interesting results by designing a hybrid RRAM-CMOS crossbar-based
system to test novel RRAM-enhanced IMC with conventional and/or unconventional
computing capabilities.

At the same time, some challenges are important to be considered towards designing
and testing large scale systems that base their operation in the simpler circuits explored
in this thesis. Although the RRAM technology can showcase some very promising per-
formance and stable behaviour, further maturity of this family of technologies need to
be achieved to enhance and stabilise the behaviour of the devices in a large scale system
where thousands (or even a higher order of magnitude) of RRAM devices should work
under a specific range of requirements. Of course, the requirements could be alleviated
to some degree if we consider alternative methods of computing (i.e. neuromoprhic
computing, etc.), but for all purposes of modern IMC accelerator designs and opera-
tions improvements in uniformity of operation need to advance further. Additionally,
although in studies such as mine, specific details of the RRAM-MOS circuits response
can be observed and useful insights can be gathered, a larger sustained effort in devel-
oping fully operational larger systems and architectures (especially fully custom fab-
ricated hybrid ICs) that incorporate RRAM devices for memory and computation in
hardware and not only in simulation is necessary. Such larger scale hardware-based
studies could shed light on further issues for improvement that need to be address
before a potential commercialisation of the RRAM technology. Additionally, the obser-
vation of the RRAM-MOS circuits and systems as a closely integrated system in silico
could provide new levels of understanding for such designs and potentially novel de-
sign methodologies.

All in all, computers need to change in order to provide solutions for high-performance
and low-power computing at the edge, enhancing IoT-based fog computing, as well as
a multitude of other emerging approaches in distributing computing. RRAM technolo-
gies have showcased that they can be an integral part of the effort to design future com-
puters and adapt them to the ever-increasing needs of the big data and decentralised
edge computing era. RRAM and circuit design advances can have impact not only on
how novel memory systems are designed but more importantly on how memory sys-
tems can be used to perform a wide variety of computing. With the advent of such
emerging devices, computing concepts such as IMC and reconfigurable computing can
gain new levels of performance.
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