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Abstract

Memristor, a two-terminal device whose unique ability to control its resistance by varying its input, is a promising technological
device for intelligent systems. In humans, pattern recognition is associated with memory which helps in decision making for the
behavioral and cognitive aspects. The storage of memory is crucial in decision making, and the adaptation between remembering
and forgetting memory in time plays a pivotal role for pattern decision; this memory consolidation method is an extreme design
challenge in the neuron, the detailed changes in the ion exchange and its timings is what responsible for memory consolidation. A
memristor is recognized as a device able to mimic and function like a synapse. Recent advances in memristor have shown the
working of a memristor as the different levels of memory, i.e. Long-term memory (LTM) and Short-term memory (STM), memristor
devices perform memory potentiation and depression characteristics in them. However, to perform as a real neuron, a network of
multiple memristors with careful design has to be followed. In this paper, the detailed mechanism of neuron morphology is
explained to show how the many mechanisms inside the biological neuron become responsible for memory consolidation and
compare how a memristor can function the neuron rules like plasticity and spike-threshold.
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Introduction

In nature, the human brain is considered the most complex structure or system, yet scientists have
challenged to create it artificially. Understanding the brain has not been an easy task for neuroscientists; it
poses many challenges in understanding its design and morphology. The brain alone consists of more than
100 billion neurons with an average of 10000 synaptic connections, making it more than 100 trillion
synapses. Though the communication in the biological neurons remains unknown, it can be understood by
studying various levels of neural organizations like senses, neural networks, single cells, synapses,
membranes, channels, ions, and genes [1]. Neurons are the building blocks for learning, memory and
decision making. A new emerging interdisciplinary field called neuromorphic engineering is involved in
understanding the betterment of the human brain in designing the hardware models of neuronal and
sensory systems by taking inspiration from biology, physics, mathematics, neuroscience, psychology,
cognition, nanotechnology, computer science, robotics and more. Neuromorphic engineering was first
introduced as a branch of analogue circuit engineering [2]. It involves developing hardware models and
systems to mimic the human brain to achieve efficiency in energy, high parallelism, retention capacity, and
tasks involved in cognition like association, recognition, adaptation, and learning [3]. A promising
neuromorphic hardware device called a memristor works as an analog-digital system that performs
functions similar to neuron characteristics in the brain [4]. The brain-inspired Artificial Neural Networks
(ANN’s), machine learning has shown a significant promise in building human intelligence in the software
domain. However, the hardware platform in scaling is lagging, and one of the reasons is Moore’s law
limitation. The memristor here could be the next alternative device to the transistor [10]. In section 2 of
this paper, a brief overview of the memristor device’s working and characteristics is briefed. Then, in
section 3, an overview of existing memory literature regarding its neuron physiology is discussed. Finally, in
section 4, we have reviewed existing literature memristor device papers which show plasticity nature.
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Memristor

The fundamental circuit variables that we know of are current, voltage, electric charge and magnetic flux.
However, an interdepending relationship exists between these variables to form passive devices like a
resistor, capacitor, and inductor, and there is a missing link between charge and flux. In 1971 a scientist
named Leon O Chua modelled and provided a functional relationship between flux and charge. He
prototyped the circuit emulator on a breadboard and named it as memristor [5]. Memristor is a two-
terminal non-linear passive device with variable resistance characteristics. It is either a voltagecontrolled or
current-controlled device whose resistance is determined by the time history of the voltage across it [6]. In
a resistor, the flow of current resistance remains equal when in forward and backward directions. However,
when the flow of current is in the opposite directions, the current resistance for both directions can be of
different values [7][8][9]. In a memristor, when the input power is turned off, the resistance in it freezes,
and when the device is activated again, the device resistance would still be the same as the previous one
[71(8][9]. Imagine a water pipe; the amount of current flowing through the pipe is large. If the mouth
diameter of the pipe is large, that means even the resistance is negligible. On the other hand, the amount
of current flowing through the pipe is small when the pipe’s mouth diameter is small, which means the
resistance is considerable. In a typical resistor, the pipe diameter remains constant. The diameter does not
change by the flow of current in any direction, but in memristor, the shrinking and expansion of the pipe’s
mouth (diameter) happens with the direction of flow of current. However, when there is no current flow,
the pipe can remember its previous diameter, and when the current starts flowing again, the change in the
pipe diameter starts from the time the current flow was turned off (current freezes). Now, this is how it can
“remember” the amount of charge that has gone through it [7][8][9]. The property of retaining the
previous information even when there is no power, the “remembering” property, makes this device
unique. Although Leon Chua had realized the memristor model on a breadboard, its complete story and
potential were only known to the world in 2008 when a research team in HP labs led by Stanley Williams
fabricated, modelled and gave its mathematical details in the device’s nanometer scale. Then, based on
keeping Moore’s law going, they began to model two-terminal molecular devices in nanoscale. While they
were trying to build, they came up with a device model which consisted of a monolayer of TiO2 between
two crossed nanowires, and those nanowires were Pt electrodes. When they applied positive voltage to
one side of the electrode, they found out that the TiO2 layer got divided into two, and the layer close to the
+ve electrode lacked few oxygen atoms. Those ions formed a bridge and connected towards the opposite
Pt electrode (working as a synapse), conduction happened between the two layers, and low resistivity was
seen. Nevertheless, to their surprise, they had thought it would be ion formation in the opposite direction
when —ve voltage is applied, but it did not. When —ve voltage was applied in Pt electrode, the oxygen atoms
got attracted towards itself, and no bridged formation single-layered here existed no conduction between
them, so because of this high resistance was seen. The top layer acts as a conductor, and the bottom acts
as an insulator [7][10]. Since its discovery, much interest has progressed, and other than just TiO2 based
model, many other models have been found [11].

Memristor Characteristics

From Strukov et al.’s study of crossbar nanolayer architecture, multiple layers of memristor can be stacked
on one another. Transistors are single-layered, but crossbar architecture is an approach to place a
multilayer number of crossbar memories of memristor layers, layer by layer, one above another on a single
chip [12]. Crossbar nanostructures, as in Fig.1 [13], has got high scalability, flexibility, and high density [14]
which allows a large number of computations to be performed [15]; multiple wide layers help in handling
deep layered neural networks for complex tasks and models.
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Figure 1. A memristor active layer switch is present across the horizontal wires (electrodes)
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The data swap between the von Neumann architecture computers separately placed memory and
processing generates high heat and energy [16]. If we follow this type of digital approach, running human-
level intelligent applications on a device would require power more than 10MW of energy [17]. The size of
a transistor is inversely proportional to switching speed [18], memristor has a high switching speed
character (spike-based technique) [19], low heat generation, low power consumption [20], and due to less
input voltage requirement, it dissipates lesser energy [21]. Due to high switching ability, the storage
retention can be up to a lifetime [19]. In 2010, HP labs fabricated a 3nm memristor switch with a speed of
approximately one nanosecond that could have a storage capacity of 128 terabytes per centimeter square
[22]. Memristor runs on an analog continuum [23] device with fuzzy logic property (any real value that
ranges between 0 and 1), which is an essential property for many Al systems [24]. Fabrication of these
devices are possible in Nano-imprint-lithography techniques, and these methods are expensive
methodology to manufacture, which involves several fabrication steps [25]. Memristor could impact the
emerging fields in electronic industries like 5G and IOT, which are in huge demand for data storage
methods [26].

Memory

Communication is the fundamental aspect of a neuron, and it is through the modulation of signals in these
neurons, learning and memory are interpreted and modulated. Learning and memory are interdependent
[27]. The change in the learning alters the memory and vice versa. In the brain, for any operation of any
function, the memory plays a vital role; the data for human memory is received and processed by the
changing environment through sense organs [28], this received information is subjected to learning. The
learning process is determined and affected by environmental, cognitive, and behavioral factors like
attention, recognition, remembering, imagination, thinking, background noise, concentration. These factors
become responsible for affecting the input frequency timing and the time intervals of received signals.
Based on the rate of input frequency timing and time intervals of the signal, the strength of the neuron is
determined, and this input which affects the memory, is further classified into short-term memory (STM)
and long-term memory (LTM).

Neuron Morphology

The resting potential of the neuron membrane is approximate -70mV, and the change in its membrane
potential is caused by the type of ions that enter through the channels [29]. Two types of signals enter the
neuron - excitatory signals and inhibitory signals. The excitatory signal causes the entry of Na+ ions through
the NMDA channel, which excites the neuron membrane. In contrast, the inhibitory signals cause the entry
of Cl- ions through the GABA channel, which inhibits the neuron membrane. This change in the polarity of
ionic polarization causes the shift of electric charge in the membrane, and when the combined membrane
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potential reaches -55mV, the depolarization begins as in Fig.2(a). Furthermore, it causes the neuron to
generate an all or none spike at the axon hillock called an action potential, which is nothing but an impulse

of charged ions along the axon.

Figure 2 At the threshold point of -55mV the neuron depolarization activates (b.) lons transmitting and
receiving mechanism in synapse
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The action potential or the train of action potentials travel along the axon in the form of exchange of ions
and activates the calcium channels present at the end of the pre-synaptic neuron terminal; the activation of
calcium channels causes an influx of Ca2+ ions inside the membrane of pre-neuron, these Ca2+ ions trigger
the synaptic neurotransmitter vesicles [30] and releases the transmitters like Na+ and Cl- into the synaptic

cleft.

The neurotransmitters released into the synaptic cleft trigger the receptor channels like NMDA and GABA
present on the membrane of post-neuron to open it, and depending on the polarity of ions that enter
through those channels, the signal transmission of post-neuron will be excitatory synaptic transmission or

inhibitory synaptic transmission.
Signal Input Frequency and Timing

The factors which make a memory “the memory” is the rate of frequency and the timing of the input
signals. A neuron gets converted from short term memory (STM) to long term memory (LTM) based on the
frequency input the neuron receives, also known as memory consolidation. Synaptic plasticity is the
foundation of learning and memory. The synapse’s efficacy or strengthening and weakening is modified
based on its activity over time [31]. The weights or efficacy of synapse is the communication strength
between the adjacent neurons, and this depends mainly on the volume and type of neurotransmitters
released during the exocytosis process in the presynaptic neuron. The number of receptors activated in the
postsynaptic neuron by those neurotransmitters [32] Fig.2(b). All excitatory synapses express different
synaptic plasticity forms [31]. Depending on the shape and size of external pulses, the plasticity is of two
types, short-term plasticity (STP) and long-term plasticity (LTP) [33]. Spike frequency adaptation [SFA] is an
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activation process that lowers its spike frequency over time for sustained excitatory input. Adaptation in a
neuron is a vital phenomenon responsible for memory consolidation, this process takes place for an
adapting neuron when a powerful input current or voltage step exists, and the neuron fires continuously
repeated spikes. However, each subsequent spike will be longer in period than the previous spike [35] (in
biological neurons, this is also known as spike-broadening [36]). In neurons at the region of the presynaptic
axon terminal, the action potential duration affects the calcium channel resulting in changing the
probability of Ca2+ ions influx inside the cytoplasm, which in turn affects the probability of the release of
neurotransmitters into the cleft during the exocytosis process [31] [37].

Based on adaptation, short term spikes enhancement exists in numerous phases in order of time and rate
of frequency. Approximate values of short-term enhancements can be referred from [33][36][40].

Due to the change in environment, the neuron exhibits spike adaptation, and through this adaptation, the
learning and memory exhibits; this adaptive learning is responsible for a mechanism called Hebbian
synaptic plasticity. This mechanism has two approaches of learning (1) Spike-rate- dependent plasticity (2)
Spike-time-dependent plasticity [39]. The spike-dependent plasticity generates two forms of memory
states, long term potentiation (LTP) and long-term depression (LTD) [40]. In the neurons, when a
presynaptic spike occurs, approx. 10 to 30ms before the postsynaptic spikes, then it is long-term
potentiation (LTP), and if the postsynaptic spike occurs approx. 20 to 100ms before the presynaptic spike is
long-term depression (LTD) [41]. During LTP, the synapse strength between the two neurons increases and
when the mismatch occurs during LTD, the synapse strength decreases. This strengthening and weakening
of synapses strictly depend upon the rate of time and the level of signal frequency. For example, when
high-frequency tetanus like 100Hz is stimulated for 1s prolonged stimuli, then LTP is induced, and when
low-frequency tetanus like 1Hz is stimulated for 15min only, the LTD is induced [42]. For memory and
learning, LTP is a necessary mechanism for remembering, as much as the LTD mechanism is for forgetting
[43].

Memristor as Neuron

Memristor lon-Channel Formation

In biological neurons, the signal is generated as analog while its spike generates digitally. Therefore, the
dynamics of ion channels play a significant role in plasticity. In the case of implementing plasticity on a
hardware domain, much progress has been seen on physical mechanisms and the materials of memristive
devices using different ion transportation approaches [44]. A memristor is a time-invariant device whose
memristance can be controlled by varying the input voltage or current [45]. Memristor is physically
structured as electrode/insulator/electrode, depending on the input polarity and strength. The ions migrate
from one electrode to another [46]; this mechanism is similar to synapse in a neuron.

The approach in building memristive switches has been very complex because of the physics of the device
like electric field effect, drift velocity of ions [47], mobility of electrons, device thickness, switching time,
forming voltages, input voltage or current effect, temperature [48]. The ion transportation mechanism in a
memristor is available in many forms of switching technologies like Resistive Random-access memory
(ReRAM), Conductive bridge random access memory (CBRAM), Phase change memory (PCM), oxygen
displacement memory (OxRAM), Ferroelectric random-access memory (FRAM), and some other
approaches. Based on the type of switching and material used, the mechanism proposed in the insulating
layers could be charge trap/de trap, conductive filament formation, oxygen vacancy migration, and more.
The operation of the switching mechanism happens through a breakdown rupture of the conductive
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filament of its insulating layer. In [49] detailed discussion about switching materials and their ion formation
mechanisms is given.

Spike Threshold Mechanism

The resting potential of the soma region in the neuron is almost -70mV, the incoming ions vary the
membrane potential in the region and if more number of positive ions entered the cytoplasm and when the
total electric voltage is now integrated and if the potential of the region is at the threshold point, i.e., 55mV
then we see an abrupt depolarization called threshold spike. The threshold switching and memory are
considered independent and different, and their connection is rarely discussed [49]. However, such a
threshold switching mechanism has been observed in some of the binary switching oxide materials like
NbO2 [50][51], TiO2 [52], HfO2 and [53].

In a study by Pickett and Williams at HP Labs [50] for NbO2 material, the switching is thermally driven
insulator-to-metal phase transition (IMT), displayed threshold switching character. In this, the device’s
resistance is dropped instantly at a bias threshold, and the joule heating induces filamentary formation
across the device. The model was compatible with transistors in terms of speed and power requirements;
the fabricated device showed switching ON in just sub-nanosecond times with total switching energy of
approximately 100fJ, the model in SPICE simulation showed character for 10 nm radius devices that it could
perform switching in tens of picosecond with energies of just tens of femtoseconds. This IMT model
mechanism of the NbO2 device is, in fact, the most widely used temperature-driven transition model for
threshold switching [54].

Figure 3. In the circuit the red arrows denote charging loop and discharging loop. Reused with permission
from Ref. [55] (©[2018] IEEE)

Ground

In [55], the authors have expressed a neuron type modelled circuit structure, using resistors and capacitors
with an Ag/SiO2/Au fabricated threshold switching device as in Fig.3. For this circuit, a voltage source input
series of voltage pulses of 100 Hz frequencies with a width of 7ms and an amplitude of 2V acts as an input.
Here the capacitor acts as the membrane potential region of the neuron, which integrates and accumulates
the incoming voltage pulses with a set value as threshold point.

The red arrows in the circuit from Fig.3 show the charging loop (CL) and discharging loop (DL). The
memristive device is still in a high resistance state (HRS). Once the incoming voltage reaches the set value
memristor device switches from HRS to a low resistance state (LRS), and when the device is in LRS, the
discharging of the capacitor begins, and this discharging acts as a neuron spike to form the output voltage.

Plasticity
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In biological neurons, plasticity is essential for learning and memory; functions like synaptic weight, pulse
width, the amplitude of voltage, number of frequencies, time decay affect the plasticity of neurons [56]. In
psychological science, Atkinson and Shiffrin modelled a “multistore model” [57] as in Fig.4, according to
which the short-term memory (STM) weight changes are a transient response while the long-term memory
(LTM) weight changes are permanent. This model also considers that STP can be transformed to LTP over a
prolonged period of repeated stimulation [58].

Figure 4. The psychological model of human memory proposed by Atkinson and Shiffrin [57].
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Based on the multistore model, the authors of [52] fabricated a bilayer memristor structure and
demonstrated successfully that the device transformed itself from STP to LTP when repeated stimulation
was induced. The device exhibited instant switching at a higher voltage. However, at a lower voltage or
negative voltage, the conductance was able to be tuned, which worked as an analog switching, the device
resistance changed from off-state to on-state when bias voltage of +3.5V was applied (SET process) to the
top electrode, and the device resistance changed from on-state to off-state when bias voltage of -3.5V is
applied (RESET process) working as a typical memristor [10]. In the device, it was also observed that if the
bias voltage was reduced to +1.5V or -1.5V, then the memristor conductance was incomplete, and like this,
by varying the bias input, the ion-filament position could be modulated. Even if the bias input were low, the
following bias would pick up the conductance from the previous position. The positive bias that gradually
increases the conductive filament from the top electrode (TE) to the bottom electrode (BE) is considered
potentiation, and vice-versa is considered depression. Here the transition of the device from STM to LTM is
explained using the pulse train repetition process and its varying amplitude. The train of input pulses
maintain intervals; initially, when a pulse train of +1.2V of 10 times with 50ms interval between them, the
device behaved as potentiation. After 40 s, the current decreased to its initial state; this behavior was
similar to the STP process, which involves the decay of current over time, and following with similar
conditions this time, the pulse numbers gradually increased because of which the increase in current was
seen. Based on the number of pulses, a more miniature pulse train causes a slight increase in current that
functions as STM and a large pulse train increases the current that functions as LTM.

In a recent paper [59], the authors have analyzed and discussed the characteristic paired-pulse-facilitation
(PPF), an enhancement version of STM. The modelled memristor device was fabricated on a glass wafer
from ITO/ZTO/ITO materials. Here the STM and LTP concepts are explained by the thickness formation of
oxide filaments. The pulse characteristics conditions are defined as LTM or STM. For the experiment, when
a train of 20 consecutive pulses with the voltage input high (2.6V) and the pulse interval short (0.5us), these
conditions create LTM, and when the voltage input is low (2.0V) and longer pulse interval (300us)
conditions create STM. The PPF mechanism works when the intervals of the pair pulses are different. For
example, when the interval was increased abruptly from 10us to 0.1s, this decreased in current from
19.04% to 1.6%, the decay of current was set according to several pulses stimulated when the pulse
interval was the more extended level of current induced was higher.

Discussion
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Solid-state memristor fabrication is relatively challenging because of its nanometer size. Extensive workload
towards its fabrication has been reported from various organizations like HP, Intel, Knowm, Rain
Neuromorphic, and a programable memristor computer reported by Wei D. Lu [60]. Memristor fabrication
based on various printing technologies have also been reported [61].

Technical fields like Robotics, Humanoids, and Artificial Intelligence that exist today work on transistor
technology are still questions about their ease and performance. In contrast, the analog memristor device,
which contains memory functions responsible for creating cognitive and behavioral mechanisms, can make
a difference in the way we think of modelling neurorobotics, movies like “Chappie” and “I, Robot” (Sonny)
are an example of how a machine can be a human in terms of its behavioral and cognitive functions.

A neuron acts as a system consisting of different necessary mechanisms that are interdependent to
perform rules like SFA, STDP, SRDP, memory adaptation, integration and fire, in a similar fashion. One type
of memristor or memristor model or memristor ion transportation mechanism is not enough [62].
Classification of multiple memristor families is required to design the system.

Conclusion

Consciousness, generally known as the soul in the human term, is an integral part of human memory. In
this paper, we have presented a brief understanding of the memristor device and compared how the
memristor is similar to the working physiology of a neuron. We have explained the morphology of neurons
detailly to understand the importance affecting the changes in different levels of memory. We discuss how
a single memristor device is not enough for the many memory rules. We have reviewed papers that have
used different types of memristor devices for memory rules.
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