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ABSTRACT

Neuromorphic computing based on brain-inspired frameworks has shown its potential to per-
form computation with remarkable power and speed efficiency. The spintronic device has been
considered a promising candidate for neuromorphic computing because of its intrinsic non-
volatility, ultrafast switching dynamics and scalability. This article will review the current status of
neuromorphic computing techniques employing spintronic materials and devices. We will begin
with a concise introduction to the biological structure of neurons and then go through several
important models of artificial neural networks. The revolutionary breakthroughs of spintronic-
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based neuromorphic computation will be demonstrated together with their challenges and

outlook.
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This paper will systematically review the status of neuromorphic computing techniques employ-
ing spintronic materials and devices. After reading this article, readers can grasp the revolutionary
breakthroughs of spintronic-based neuromorphic computation.

1. Introduction

Playing Go games was absolutely a milestone for mod-
ern computer technology [1], because, unlike other chess
games, Go would yield the most possible events, i.e.
19x 19 playable points with 3 different possibilities for
every single play, which makes it almost impossible for
conventional computers to calculate all viable move-
ments in a very limited time. Quantum computing may

be one of the possible solutions to solve this issue;
however, the quantum technology so far is still at the
incubation stage. It drives current computing-related
research to look for an upgrade approach to accelerate
the computing speed to meet the rising requirements
like the Go game. Neuromorphic computing-based arti-
ficial intelligence (AI) appears to be an ideal alternative
because it mimics how a human brain behaves. Although
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the advantages of Al techniques look promising, some
critical issues still emerge and can be ascribed to two
perspectives [2]:

(1) Speed: During a certain process of information, cen-
tral processing units (CPUs) require devices with
long- and short-term memory to store and use the
information back and forth. This gives rise to the
unavoidable delay between computing and storage
devices unless in-memory computing is realized.

(2) Power consumption: Modern Al technology can
perform multiple data processes with a relatively
high speed; however, computing based on com-
plementary metal-oxide-semiconductor transistor
(CMOS) circuits often needs a complex array archi-
tecture to accomplish the assigned tasks, leading to
tremendous energy consumption.

Technically, a dilemma exists for accelerating calcu-
lation speed and simultaneously reducing power con-
sumption because high calculation speed is often fulfilled
by a colossal system, thus, accompanying high power
consumption. To conquer this dilemma, new approaches
out of the conventional scope were proposed in recent
years, including materials, circuits, algorithms, system
architectures, etc. [3]. Various approaches to the appli-
cations of AI and neuromorphic computing have been
demonstrated using ferro-electric materials [4], resistive
switching materials [5], analog very-large-scale integra-
tion designs [6] and spike-based algorithms on both cir-
cuit and hardware [7]. Among all demonstrations, the
magneto-resistive random-access memory (MRAM) has
been considered an ideal candidate to realize low power
consumption with a high speed for neuromorphic com-
puting because of its non-volatility and ultrafast switch-
ing dynamics [8]. These characteristics, together with the
non-trivial spintronic properties via spin-transfer torque
(STT), voltage control magnetic anisotropy (VCMA),
spin-torque oscillator or spin-orbit torque (SOT), further
polish various facets of MRAM to be applied for differ-
ent neuromorphic applications. Even benefitted from the
promising nano-scalability and read/write speed at (sub)-
GHz scale, MRAM has distinguished itself from other
memories and is capable of participating in advanced
computing technologies [9,10].

In this review, we will show the state-of-the-art neu-
romorphic applications utilizing spintronic materials and
devices. The core structure of this article focuses on how
to turn a solid-state device to be a bionic neuron to
perform specific tasks in computing. In Section 2, we
will begin with a concise introduction to the proper-
ties of biological neurons and the way to bridge them
to the artificial neurons composed of solid-state devices.

Section 3 will demonstrate the architecture of how the
current Al works in different types of neural networks
along with their pros and cons. Additionally, we focus
on the development of novel computing schemes and
hardware to overcome the limitations of current comput-
ing technology. To realize a high calculation speed and
energy efficiency, Section 4 will report the current neu-
romorphic computing based on the spintronics of STT,
VCMA and stochastic cells. In Section 5, we will present
SOT-based neuromorphic devices, of which remarkable
stability and spike-timing dependent-plasticity (STDP)
at a nanosecond scale open a new page for neuromor-
phic computing technology. In Section 6, we will come up
with the challenges and outlook for materials and devices
to be implemented for the last mile toward a spintronic
artificial neural network (ANN).

2. Biological neurons and synapses

The brain is the most complex organ in the human body,
which gathers tens of thousands of neurons to process
signal delivery for our daily life. Composed of dendrites,
soma and axons, neurons can receive signals/stimuli, pro-
ceed with the analysis and then deliver messages to the
following acceptors through axons. Signal transfer occurs
when neurons start to inter-communicate by passing the
electrical potential on the membrane through ion chan-
nels.

2.1. How do neurons and synapses work?

To explain how neurons work, we would like to briefly
describe how neurons respond to stimuli and deal with
signal transfer. A cell of a neuron is composed of three
parts: dendrites, soma and axon, as shown in Figure
1(a). A typical neuron cell would have many dendrites
but only one axon. Dendrites are channels where stim-
uli are input into a neuron and the axon is the output
passage of a neuron. Soma, which refers to the main cell
body of a neuron, is responsible for collecting stimuli and
deciding whether output signals should be fired. Signals
in a neuron are delivered through changes in electrical
potential, denoted as an action potential. When a neu-
ron decides to fire out a signal, it generates an action
potential passing along the membrane of the axon and
arriving at a synapse, which is the joint between the axon
and the dendrite of the next neuron. To generate changes
in action potential responding to stimuli, various ions
need to be exchanged through the membrane of neu-
ral cells, which comprises voltage-gate calcium channels
(Cav), voltage-gate sodium channels (Nav), voltage-gate
potassium channels (Kv) and other specialized chemi-
cal acceptors such as N-Methyl-D-aspartic acid (NMDA)
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Figure 1. (a) Typical structure of a neuron composed of dendrites, soma, axon and synaptic terminals. (b) lllustration for action potential
of a neuron. (c) Schematic diagram for the four phases of the change on membrane potential. Blue and red dots are Na* and K™ ions,
respectively. Yellow, green and orange channels are Na™ channels, KT channels and Na™ /K™ pumps, respectively.

acceptors [11]. Nav and Kv are usually found in all parts
of neurons including presynaptic terminals, while Cav is
commonly located at pre- and post-synaptic terminals.
Figure 1(b) shows a typical action potential profile of
a neuron with four different phases, corresponding to
the schematic diagrams in Figure 1(c). Ion concentra-
tions inside and outside of a neuron determine the state of
membrane potential. When no stimulus or no chemical
signal is treated, a neuron sustains at its resting poten-
tial (—70 mV), as shown in phase 1 of Figure 1(b). At this
stage, the resting potential originates from the concentra-
tion difference between K inside and Na* outside the
neuron, at which we refer to a polarization state. When
a neuron receives excitatory signals, the channels of Na™
ions in the membrane allow more Na™ ions to perme-
ate into the cell, leading to potential increment. When
the potential surpasses a threshold voltage, the local Nav
will be fully opened to drive in a large amount of Na*
ions, which we refer to as a depolarization state, as shown
in phase 2 of Figure 1(b). To balance the excess cations
inside the membrane, K™ ions will be released through
the Kv outward together with the suppressed Na™ migra-
tion through the Nav inward, thus leading to a potential
drop as a repolarization state as phase 3 of Figure 1(b).
Because the Kv is less sensitive to respond to the potential

variation during the cation exchange, K™ is often over-
released although the potential has been recovered to the
resting state, at which we refer to a hyperpolarization state
as phase 4 in Figure 1(b). Once the hyperpolarization
occurs, the Na*/K* pumps are subsequently activated
to turn the potential back to the resting state to com-
plete a cycle for the next action potential. Biologically,
the height of action potential is determined by the con-
centration of Na®/K™ so any modification on Na™/K™
concentration would lead to variations on the action
potential, serving as the origin of intrinsic plasticity of
a neuron, enabling the modification of signal when it is
delivered.

In addition to Na® and K* ion channels, Cat ions
are active around synapses through Cav. When an action
potential reaches a synaptic terminal, it would activate
Cav in this area. The functionality of Cav takes charge of
the formation of exocytosis and releases neurotransmit-
ters to post-synaptic terminals. These bubble-like neuro-
transmitters would flow through the area of the synapse
and arrive at the post-synaptic terminal and subsequently
trigger another action potential in the following neu-
ron. Any disturbance or variation in the concentration of
chemicals around the synapse could lead to the modifica-
tion of the signal, which is the common origin of synaptic
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plasticity. To summarize, biological neurons can reshape
signals (information) during delivery due to intrinsic and
synaptic plasticity.

2.2. Learning process in neurons

A synapse is where information can be modified while
transferring signals between neurons. Synaptic plasticity
is, therefore, regarded as the most critical component for
biological learning and memory. In terms of the timescale
of plasticity response, synaptic plasticity can be catego-
rized into short-term synaptic plasticity (STSP) and long-
term synaptic plasticity (LTSP). If the plasticity results
in an increase or decrease of membrane potential, it is
referred to as excitatory post-synaptic potential (EPSP)
or inhibitory post-synaptic potential (IPSP), respectively.

STSP is a temporary modification of action poten-
tial between terminals with a Ca?* concentration gra-
dient. Paired-pulse facilitation is one of the common
triggers for an STSP [12], that is, if two action poten-
tials reach the synapse gaped within a very short time
around tens of milliseconds, the exceeding Ca?* would
promote releasing the neuron transmitter, thus strength-
ening the signal temporarily. On the contrary, a series of
action potentials may trigger an LTSP, usually sustainable
at the timescale in hours or even longer, which makes the
changes much more pronounced than STSP. For LTSP,
long-term potentiation (LTP) and long-term depression
(LTD) are reflected in the increased and decreased output
signal, respectively, after receiving input stimuli. In par-
ticular, stimuli within a short period but high frequency
could often induce LTP, while stimuli with a high period
but low frequency would oppositely lead to LTD [13], as
shown in Figure 2.

LTPALTD

Action potential

Start LTP LTD

Baseline

1 1 1 1 1
Pulse profile

Start

Current

Time

Figure 2. Schematic diagram of LTP and LTD in a biological sys-
tem. Utilizing different frequencies and durations of stimuli could
result in LTP (blue) and LTD (red), respectively.

Based on the schematic diagram shown in Figure 2,
the application of intense stimuli can be regarded as a
training process for a neuron and LTP reflects the result
of ‘learning’. Once the LTP occurs, the neuron may be
boosted to a higher action potential by consecutively
inputting an identical stimulus closely. LTD, on the other
hand, could make the action potential depressed to the
normal baseline, as the red curve in Figure 2, which
often reflects the result of ‘forgetting’ in the biological
nervous system. Therefore, this is the way a biologi-
cal neuron can learn from different stimulus histories
and then moditfy itself accordingly.As mentioned earlier,
plasticity in biological neurons can originate from the
neuron itself (intrinsic plasticity) or varied input pro-
files (synaptic plasticity). However, for artificial neurons
in a solid-state device, it is hard to dynamically modify
themselves once the device has been fabricated, so the
intrinsic plasticity is difficult to be realized. As a result,
artificial neurons may mainly rely on synaptic plasticity,
which usually refers to spike-timing-dependent plastic-
ity (STDP) and originates from different stimulus profiles
rather than the changes in device properties. Therefore,
LTP and LTD can be realized once the STDP indeed
exists in the device. The observation of LTP and LTD in
artificial neural systems aroused wide attention, which
promoted the study of STDP and soon made it become
an explicit topic to characterize neural performance after
treating different stimulus conditions such as stimulus
frequency, pitch and duration [2,14]. In the next section,
the focus will be on how an artificial neuron works, the
differences between artificial and biological neurons and
the strategies to improve the efficiency of neuromorphic
computing.

3. Artificial neurons and synapses
3.1. Neural network models

Although modern computing technology with super-
fast computing speed attempts to compete with human
brains in many aspects to help deal with data process-
ing and information transfer, the human brain is still in
the upper hand today. Therefore, we need to consider
how to convert speed advantages to compensate for draw-
backs of other aspects. Hopfield et al. proposed one of
the pioneering approaches to mimic neural behaviour
using electronic circuits [15]. This approach consisting of
N interacting neurons, expressed by non-linear differen-
tial equations, attempts to describe the states of neurons,
which change with time due to the interaction among
neurons and synaptic currents. Although the approach
can fulfil the synaptic dynamics in a network and has
been used for years, it is computationally expensive upon



increasing the number of neurons, because several non-
linear differential equations are required. That promoted
some simplified approaches to accelerate the compu-
tation. However, the simplicity constraints the neuro-
dynamics in reality; therefore, significant efforts have
been devoted to looking for new approaches to function
as human brains.

An ANN is a general framework, which transforms
the inputs from pre-neurons to post-neurons through an
activation function featuring a non-linear response with
adjustable weights. The weight is given as the strength
of the interaction between the pre-neuron (input, stim-
ulus) and post-neuron (output). The goal of ANN is to
approximate the input and make the output closer to
the expected value. Each input, modified by its weight,
is summed up and compared with the results in the
database. The mismatch from the comparison will fur-
ther adjust the weight to produce expected output. In
general, utilizing a non-linear function may allow more
flexibilities, while doing the approximation to fit the
expected outcome, compared to utilizing a linear func-
tion. Therefore, conventional ANN introduces several
kinds of non-linear functions, i.e. sigmoid, to adjust the
weights to accomplish certain ANN tasks such as image
recognition.

As described in Section 2, plasticity in biological
neurons is an ability to adjust the amplitude of action
potentials. In artificial neurons, plasticity is defined as
the ability of how a neural network adjusts its weights.
There are several types of ANN currently developed in
terms of the way of adjusting the weight during signal
processing.

Convolutional neural network (CNN) is one of the
common neural networks used for image recognition.
The process of CNN used for image recognition is
described as follows: (1) The input image is cut into
many segments. Depending on the complexity of the
input data, the segments can be divided into many
layers. For instance, colourful images can be divided
into Red-Green-Blue layers. (2) A predefined matrix of
weights is applied to all segments, namely a convolution
process. After obtaining results from weight adjustments,
the results are collected and computed by a specific non-
linear function. It should be noticed that the background
signal would be screened through a threshold of the non-
linear process so the signature signal could be further
processed for image recognition. (3) Thereafter, these
final elements, which are the most representative signa-
ture for each segment, are compared with the trained
database. Consequently, segments from the input image
can be recognized by matching elements in the trained
database. As a result, the non-linear function applied in
CNN is the core of the image recognition task.
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A recurrent neural network (RNN) is another type
of ANN, which introduces a recurrent connection from
the output back to the input. The additional feedback is
designed for faster predictions. For instance, the feed-
back from the first approximation is applied as a new
input for the next iteration, supporting the precise weight
adjustment for the following computation. The recurrent
connection makes RNN more temporally efficient since
it helps to avoid unnecessary computation.

Unlike previous neural networks, a spiking neural net-
work (SNN) does not use analog input/output. Instead,
it utilizes time-dependent binary spikes as input/output.
As introduced in Section 2, biological neurons trans-
mit information through binary signals as the action
potential. Also, they modify the signal through STDP.
Computation in SNNG is similar to that in biological neu-
rons, which utilizes time-dependent spikes to complete
tasks. The plasticity in biological neurons can be induced
by varying stimulus frequencies. The initial input spike
is integrated and accumulated with the following input
spikes within a period, resulting in a stronger response.
In SNN, a leaky-integrate-fire (LIF) model has been pro-
posed to mimic the time-dependent plasticity observed
in biological neurons [16]. The integration of spikes
needs to be completed in a short time range; otherwise, it
leaks over time with decreased strength; therefore, higher
input-spike frequency results in stronger output, which
provides a way for SNN to adjust its weights. Utilizing
binary devices, SNN can achieve complex computation
tasks using a spatio-temporal scheme, which makes SNN
more energetically efficient due to the event-based func-
tionality.

3.2. Differences between artificial and biological
neurons

Biological neurons work at millisecond timescale and
accomplish difficult tasks with astonishing energy effi-
ciency, compared to the state-of-the-art CMOS-based
ANNs. Here we itemize the uniqueness of biological neu-
rons from several perspectives:

(1) A biological neuron possesses dual functionalities
as an information processor and memory in the
same unit. However, the von Neumann bottleneck
commonly appears in the current ANN architec-
tures, which is an intrinsic obstacle that hinders the
process of ANN towards a neuron-like efficiency
because the training of ANN generates tremendous
data to be processed and stored back and forth
between the processor and memory. This leads to
significant latency and energy consumption.
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(2) When a biological neuron receives a stimulus, its
activation is determined by if the action potential
surpasses its threshold. In computer science, weight
is an equivalent factor to the strength of the synap-
tic signal received from a pre-neuron. Normally, the
weight of an artificial neuron in a solid-state device
is set permanently once the device is fabricated.
However, biological neurons possess plasticity so the
strength of the synaptic signal can be modified by
interneural communications. Therefore, ANN typ-
ically requires extra devices and complex circuits
to function as a biological neuron to host plasticity
and tailor the weight. This structural design makes
ANN, especially for CNN and RNN, energetically
unfavourable. Even the most energetically efficient
SNN today cannot rival a human brain regarding
energy consumption.

(3) The working principle of decision-making of a neu-
ral system has long been a tough topic in biological
research [17-19]. Neurons can communicate inter-
nally and then decide how to act, but ANN requires a
huge array and complex circuit designs for commu-
nication among artificial neurons, which is always
full of technical issues. It relies on the breakthrough
no matter the development of materials or circuit
designs, which are still challenging ...

3.3. New computing architectures

Even with assistance from the ANNs, the current com-
puting technologies are still far behind the requirements
on low power consumption with a high calculation
speed. Therefore, engineers are currently exploring vari-
ous materials and structures under the ANN frameworks,
which attempt to mimic the functionality of brains to
reduce latency and boost energy efficiency. To address the
issues, non-volatile memory together with memristive
properties is the key to developing the hardware device
for neuromorphic computing, which offers potential
solutions to fit the rising computation demands nowa-
days. Several important breakthroughs and approaches
are listed below:

(1) Non-von Neumann architectures: The emergence
of non-von Neumann architectures has brought the
human brain as a model to build brain-inspired
architectures to perform computation efficiently
together by removing the memory bottleneck of the
current architectures. Figure 3(a) shows a conven-
tional computer without mature non-volatile mem-
ories; the bottleneck is about the huge power waste
and latency because the information needs to travel
back and forth between memory and process units.

The corresponding strategy is to integrate the mem-
ory and process unit in the same device (Figure 3(b))
to realize in-memory computing [20]. To build up
an in-memory architecture, non-volatile memories
are required for fast enough to read/write speed.
Demonstrations of resistive random-access mem-
ory (RRAM) [21,22] and phase-change random-
access memory [23,24] have been proposed for
operational in-memory computing architecture. In-
memory computing constructed using spintronic
devices, for example, STT-MRAM will be covered
in Section 4. Breakthroughs on in-memory comput-
ing composed of non-volatile memories have been
shown to promote the ANN learning speed because
of the reduced information travelling in circuits
(8,20,25].

(2) Memristor as a building block for brain-inspired
technologies: A memristor, combining adjustable
resistance state with non-volatility, can provide
analog outputs instead of digital ones. Applica-
tions of memristors appear to enhance comput-
ing capability via different resistance states and
simultaneously reduce power consumption due to
their non-volatility [26]. For neuromorphic com-
puting, the weights can be reflected on the mem-
ristor, whose state can be modulated by different
operating histories, i.e. frequent pulse or narrow
pulse duration. Recently, a great effort has been
devoted to studying how to mimic a neural network
since the first memristor-based functional array was
demonstrated, as conceptually depicted in Figure
4 [27,28]. Using memristors as the basic units to
mimic neurons and synaptic behaviour provides
the possibility of engineering memristor-based neu-
ral networks through circuit designs. Unlike con-
ventional binary systems, memristors yield non-
linearity in nature, whose properties determine a
threshold and produce an analog output for vary-
ing weights. The non-linear dynamics of memris-
tors appeal to introduce more flexible models, which
can enable the optimization of the learning process
in ANNS.

In addition to the two items above, quantum com-
puting refers to the superposition and entanglement
of states to develop algorithms, which are faster than
conventional computing. In the past decade, supercon-
ducting qubits have demonstrated significant progress
and their memory capabilities have been established,
such as voltage-history dependence of the inductance
and phase-dependent conductance [29]. The quantum
memristor, based on superconductive Josephson junc-
tions [30-32], serves as the building block for quantum
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neuromorphic computing [33], and its integration with
other quantum properties is expected to offer new
functionalities, such as the entanglement of quantum
memristors [34], artificial synapses [35], quantum neu-
ral networks on quantum processors [36]. So far, the
coherence times and the processing power of quan-
tum processors have shown revolutionary breakthroughs

in quantum-based neuromorphic computing. Control-
lable coherence in quantum neural networks could be
beneficial to some extent such as non-linearity, mak-
ing this approach more robust than the gate-based
approach [33]. Neuromorphic devices implementing
quantum materials have also been realized, i.e. molecules
and nanodiamonds [37-40], taking advantage of the
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variable lifetime of their metastable states to provide
intermediate states for short-term memory. Quantum
materials offer unique features, especially in strongly
correlated oxides, which possess a variety of macro-
scopic phases and enable the conversion of information
modes by combining spin, charge and superconductive
properties [41].

4, Spintronics-based neuromorphic
applications

4.1. Characteristics of MRAM

As one of the non-volatile memories, MRAM has been
regarded as a promising candidate for in-memory neu-
romorphic computing since the architecture of magnetic
tunnelling junctions (MTJs) was greatly improved in the
last few decades [42]. Composed of an oxide layer sand-
wiched by two magnetic layers in the form of a spin
valve, the MTJ structure yields a large resistance change
due to the tunnelling magnetoresistance (TMR) effect
so the ‘1" and ‘0’ bits can be well distinguished [43].
Based on the concept of spin valves, one of the mag-
netic layers with lower coercivity (or without pinning) is
defined as a free layer (FL) so it can be switched freely
by external perturbation, i.e. magnetic field or spin cur-
rent. Another magnetic layer, a pinned layer (PL) serving
as a reference, often yields a larger coercivity or is mag-
netically pinned by an antiferromagnet. The switching of
FL, which makes a parallel or anti-parallel configuration
with PL, can give rise to a large resistance change of the
MTJ (up to ~500% at room temperature) [44]. In addi-
tion to the natural non-volatility, which allows the low
power consumption, current MRAM technologies also
feature several unique characteristics for neuromorphic
applications as follows:

(1) Remarkable read-write speed. Switching is often at
a nanosecond scale so the writing/reading can be
done within a very short time [45]. This would be a
striking signature for MRAM compared with other
memories.

(2) Scalability. Reducing the writing current is one of the
key developments of MRAM. In a practical sense,
the amplitude of the writing current is proportional
to the total magnetizations of FL so scaling MRAM
down to a nanometer level is a straightforward strat-
egy. The MT]J size is approximately 100 nm in diam-
eter [45,46] or even 40 nm fabricated using advanced
processing [42].

(3) Memristive property. The multi-level cell (MLC) has
been reported in MRAM, which yields controllable
resistance states together with non-volatility. So far,

MLC in MRAM has been shown by manipulating
the domain wall (DW) dynamics during the mag-
netization switching, especially in the case of SOT
MRAM. It keeps promoting the potential of MRAM
for possible neuromorphic applications in the
future.

In addition to the mentioned advantages of MRAM,
several kinds of properties in terms of different work-
ing principles were demonstrated to fulfil the different
facets of ANNs. The developed MRAM and spintron-
ics techniques including STT, voltage-controlled mag-
netic anisotropy (VCMA) and stochastic MRAM will be
reviewed in this section. The developing MRAM tech-
nique currently based on SOT has been also demon-
strated to be applicable for ANNS, especially on the issue
of the spiking time-dependent plasticity (STDP). It pro-
vides space for external tuning on the device properties
and will be reviewed in Section 5.

4.2. Spin-transfer torque MRAM and its applications

Predicted in 1996 [47] and experimentally discovered in
1999 [48,49], the STT switching was the first current-
driven magnetization switching for MRAM and soon
became the major writing scheme in MRAM technology
to the present. It was an encouraging discovery driving
MRAM towards the whole electrical control withremark-
able scalability, different from the traditional type of tog-
gle magnetic field switching. This session will introduce
STT from fundamentals to the current benchmark of
in-memory computing arrays.

4.2.1. Working principle of STT

Figure 5 is a schematic diagram to illustrate the STT
switching mechanism in a spin valve (FL/barrier/PL)
structure. When the electron current flows through the
PL in Figure 5, the electron current can be spin-polarized
to carry net spin flow in the device. Upon the itiner-
ant spin interacting with the localized magnetic moment
(as the FL layer in Figure 5), it produces a torque to
make a magnetic moment of the FL process. Therefore,
the electron current penetrating the MT] would attempt
to switch the magnetization of FL once the amplitude
reaches the threshold. By applying a current from FL
(PL) to PL (FL) (as shown in Figure 5(a, b)), the par-
allel (anti-parallel) magnetization configuration of the
final state can be achieved via the transmitted (back-
reflected) spins from PL, so 0 and 1 can be easily defined
by the low (parallel) and high (anti-parallel) resistance
state across the MTJ. Figure 5(c, d)) shows the simulated
STT-driven magnetization switching versus time and the



spatial switching trajectory, respectively. Present STT-
MRAM is structurally based on a two-terminal design,
which shows great scalability and makes STT-MRAM
ideal to be integrated with modern CMOS and even
embedded cache memory [50-52].

4.2.2. Uniqueness of STT-MRAM

Since STT-MRAM is CMOS-compatible, a memory array
of STT-MRAM has already revealed several neuromor-
phic demonstrations on STDP [53]. While the spin-
polarized current flows into MTTJ cells, if the input cur-
rent is insufficient, the output should be zero because of
no magnetization switching. When the current exceeds
the threshold, the magnetization of FL can be switched;
however, writing errors may also occur in some situa-
tions, which may result from either magnetic uniformity
due to fabrication or the back-hoping effect [54]. Such
writing errors become an issue in STT-MRAM so typ-
ically additional circuits may be required to avoid or
correct writing errors. Interestingly, if a statistical analy-
sis of writing errors can be summarized after performing
writing tests, a non-linear correlation between switching
probability and writing current can be often obtained.
As discussed in Section 3, this non-linear curve, such
as a sigmoid, could be applied for error correction. For
instance, if a magnitude of writing current was expected
to switch the magnetization but ultimately failed, it would
be counted as one writing error. After summarizing all
writing errors as a feedback report, the input magnitude
could be self-calibrated to guarantee successful writing
afterwards. Based on this idea, A. Vincent et al. demon-
strated a simulated switching in an STT-MRAM array in
2015 [55]. They first adopted the data from other STT-
MRAM experiments [56], then utilized the varied thresh-
olds of writing current and recorded the time required
for a complete switching. Typically, a larger writing cur-
rent would lead to faster switching and higher switching
probability. This work reported that switching probability
versus delay time of complete switching could be fit-
ted by a gamma distribution. As a result, their findings
could provide a solid statistical prediction for switching
probability as soon as the writing current is input to the
MT] cell. The work thus proposed a model to predict
the smallest input current of STT-MRAM required for a
complete switching.

Interestingly, their following work practically applied
this self-calibrated approach to recognize cars on a high-
way [53]. An array of STT-MRAM, composed of 32,678
MT]J cells, was applied for image recognition by assign-
ing each MTT cell as a pixel of an image. The final picture
could be presented by MT] output in the array. Elec-
trical signals of pixels, originally from the camera, now
are presented by 1 (white dots) or 0 (black dots). In
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the beginning, the reconstructed pictures for recogniz-
ing the moving cars were not clear because the individual
STT-MRAM pixel cell showed writing errors. To improve
the distinguishability of the pictures, they adopted the
correlation of switching probability versus delay time for
complete switching, claimed as a simplified STDP rule,
to ‘train’ the STT-MRAM array to proceed with the self-
calibration. Training is often an approach by applying an
external stimulus to the investigated system, for example,
the self-calibration of input to fix the writing error in this
work. Before training, the image was extremely blurred
because of considerable writing errors so the white pixel
might turn out to be black. However, after signals were
input five times in a row, the switched pixels would
become stable, indicating that the MTJ array is ‘learning’
from the series of inputs. Note that learning is often a pro-
cess to make a system respond to the input stimulus prop-
erly, which typically needs to be assisted by an algorithm.
Therefore, learning in this study reflects on the stabiliza-
tion process of the switched pixels in the MTJ array. After
the learning, each pixel could yield a nearly correct value
and a quite recognizable image was presented. Although
writing errors might occur in an array of STT-MRAM,
they could be gradually improved using multiple inputs
and specific artificial STDP learning rules.

Zheng et al. proposed using the STT-MRAM as the
building blocks for the artificial RNN learning design
[57]. As reviewed in Section 3, artificial neurons in
RNN have an additional recurrent mechanism to have
‘feedback” and then self-correct the original information
correspondingly. In this work, the inputs for the STT-
MRAM array composed of 40 cells are not conventional
writing pulses, but AC in the form of a sine wave. Unlike
a pulse signal, an AC input would oscillate the magnetic
moment in FL, so the output signal would be also a sine
wave. In this work, they input a continuous AC of a sine
wave as training inputs. A force-learning algorithm [58]
was also applied to the learning process. At first, con-
solidation output from the STT-MRAM array does not
perfectly match the input sine wave. Each STT-MRAM
might have slight variations in its oscillation frequency
or magnitude. After the AC input for 3000 ns, collective
output signals are stable and perfectly match the input
magnitude. Afterwards, as soon as they change the input
profile of the sine wave, 40 STT-MRAMs took another
3000 ns to match themselves to the input signal.

For the typical set-up of RNN, additional circuit
designs are required for the correction. In Zheng’s work,
although the feedback takes a period to stabilize the
oscillation from FL, which could be regarded as a ‘train-
ing’ process, this design did not require any additional
recurrent circuits, thus simplifying the whole structure
for computing. The stabilization process after changing
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Figure 5. Writing mechanism of typical STT. (a) Writing a parallel magnetization configuration, in which the current is applied from FL
to PL. (b) Writing an anti-parallel magnetization configuration, in which the current is applied from PL to FL. (c) Simulated STT-driven
magnetization dynamics in a free layer versus time. (d) Magnetization trajectory corresponding to (c) in space.

input is equivalent to the correction circuits in RNN.
The CMOS-based RNN circuits are often complicated,
but this work demonstrated how to use only 40 STT-
MRAMs to substantially simplify the circuit required
to realize RNN functionality, making this work solid
proof that STT-MRAM is capable for advanced neural
networks [57].

4.2.3. Stochastic MRAM

Traditional memory provides digital information, which
would possess an energy barrier larger than 60kpT
between ‘1’ and ‘0’ states to ensure acceptable thermal
stability. On the other hand, the recently developed quan-
tum computing gives a new concept for computer sci-
ence. Unlike traditional computers, which use digital
bits, the quantum computer could have a superposition
state within a single bit, the so-called qubit. The qubit
could make neural networks work more efficiently since
it provides multiple possibilities instead of predictable

results. Recently, a stochastic magnetic tunnelling junc-
tion (SMTTJ) has been developed to exploit magnetization
with weak thermal stability [59]. The energy barrier of
SMT]Js should be lower than 15 so the magnetizations
of FL can freely hop between the anti-parallel (AP) and
parallel (P) states (Figure 6(a)) after giving a writing
input; therefore, the magnetization switching may not be
precisely predicted and controlled due to thermal fluctua-
tion. SMTJ can be used as a probabilistic bit (p-bit), which
naturally fluctuates between ‘0’ and ‘1’, and can be inte-
grated into stochastic neural networks acting as a binary
stochastic neuron, as shown in Figure 6(a), namely whose
switching property cannot be predicted.

The demonstration of p-bit adopts the idea of quan-
tum computing but with more accessible hardware
devices. The key challenges lie in how to introduce
stochasticity in SMT] while maintaining its controllabil-
ity for writing ‘0’ and ‘1’. In an ideal MTJ with high ther-
mal stability, the writing current over a critical threshold
would switch magnetization between two distinguishable
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Figure 6. Experimental demonstration of a p-bit. (a) Electrical diagram of a p-bit consisting of an SMTJ, an NMOS transistor, a compara-
tor and a resistor. (b) Time-averaged Vour as a function of applied input Vi, fitted to sigmoidal function. (c) Time snapshots of Vour
for three inputs Vin, showing a preferred state of the p-bit (high or low) as a function of its input voltage. Copyright 2019, Springer

Nature [59].

resistance states. On the other hand, in an SMTJ, the low
magnetization retention originating from low anisotropy
(right-hand side of Figure 6(a)) would yield significant
stochasticity because the low anisotropy cannot effec-
tively confine the magnetization at the P/AP state. This
stochasticity tuning via controlling anisotropy strength
can be directly done by reducing the volume of the FL
with decreased diameter or thickness. As shown in Figure
6(b), the magnetization state can be read out across the
SMT] after averaging the Vi signal during the retention
(~ 100 ms) (Figure 6(c)). The Vo signal is a function of
the writing voltage Vi, in which a larger (smaller) Vi,
would favour the AP (P) state so the Vou—Vin correla-
tion would appear like a sigmoid response (Figure 6(b)).
This property can be employed to mimic the activation
function of ANNs and this study successfully demon-
strates how to convert the stochasticity to control the
magnetization state in a p-bit.

Kaiser et al. [60] attempted to utilize low input cur-
rent to achieve the expected output of SMTJs through
specialized circuits and algorithms. In their work, the
SMTJ-based full adder has the functionality of self-
calibrated modification. The signal retention from SMT]J-
based full adder is traced for approximately 100 ms

after the input. The output is then compared to the
one from the ‘ideal’ MTJ-based full adder with high
thermal stability as a reference. Subsequently, the input
current for writing SMTJ is modified according to its
mismatch to the current required for writing an ideal
MT]J. After a certain training and retention period,
the output of an SMTJ-based full adder shows self-
correction to the value as done by an ideal MTJ-based
full adder. This result indicates that p-bit based on SMTJ
may provide advantages of superposition as ones in
qubits after being arranged in the algorithm of a full
adder.

Adopting the same idea, a neural network can be built
by the interconnection of SMTJs. The input for each
SMT]J comes from two outputs of other SMTTs, and the
weights are updated based on the SMT] with a lower
energy barrier within one writing event. Pervaiz et al.
interconnected 8 p-bits to build an 8-bit asynchronous
p-computer [61], which can solve optimization prob-
lems and integer factorization, tasks generally assigned
to test quantum computing algorithms [59]. The artifi-
cial synapse was built using a microcontroller that con-
verted the digital output from other SMTJs to an analog
input for another SMTJ. The convergence of the learning
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process was determined by the synapse time, defined
by the microcontroller, often in the order of 100 us to
1 ms. It needed to be smaller than the SMT]J’s retention
time, which was in the order of 10-100 ms. The success-
ful training was often time-consuming because it took
approximately 1000 s, in general, to wait for the out-
put stabilization in SMTJs [60]. The increase of learning
speed can be achieved by changing the circuit design to
a crossbar architecture where the synapses can operate
with GHz speeds with the execution time down to 10 ps
and the fluctuation time of SMT]Js can be in the order of
100 ps. Stochastic computing or p-computing has gained
interest to serve as a partial bridge between spintronics
and quantum computing and to perform specific quan-
tum computing applications without the expensive hard-
ware constraints used for quantum bits. Additionally,
stochastic neural networks represent a natural alterna-
tive to mimic the stochastic process that occurs in the
brain.

The last example of STT-MRAM for neuromorphic
computing is the realization of in-memory computing,
reported by a Samsung Electronics group [8]. The devel-
opment of modern computer technology is stuck by tran-
sition delay between processing units and memory, so
one of the practical solutions is to realize in-memory
computing. If the CPU can integrate memory inside
itself, the delay between read/write and storage devices
would be avoided; therefore, crossbar-type in-memory
computing was developed correspondingly to address the
delay [20]. In Samsung Electronics’ work [8], the demon-
stration of an in-memory chip is composed of 64x64
STT-MT] crossbar arrays. Each bit-cell consists of two
transistors and two MTJs in the form of 2T2M for basic
logic calculation. This 2T2M architecture could perform
the functionality of an XNOR gate. They demonstrated
that the chip could do image recognition by itself, which
became the most intriguing point of this work.

4.2.4. Voltage control magnetic anisotropy and its
applications

Magnetization can be switched by electricand magnetic
fields via the magneto-electrical interaction. Based on
this concept, not only the magnetization but also the
anisotropy can be changed using an electrical field. It is
the principle of voltage-controlled magnetic anisotropy
(VCMA) [62]. VCMA has attracted attention for neu-
romorphic applications since the observation in 2011
by Wang et al. [63]. Although applying an electrical
field alone could not drive a deterministic magnetization
switching in the regular MT] design, it indeed influ-
enced the switching current and the property of stochas-
tic switching. Several neuromorphic applications based
on VCMA-MRAM have been demonstrated:

I T *Wbias

T O0mvV

Resistance (2)

N

Perpendicular magnetic field (Oe)

T —Vbias

Figure 7. Schematic diagram to illustrate VCMA effect on the
modification of switching barrier (at right) and its associated
switching properties on the magnetoresistance measurement (at
left).

Cai et al. presented the first VCMA in a single MRAM
cell [64], in which the magnetic switching through dif-
ferent applied voltages across the MTJ cell could be
observed. The MT] cell containing an ultra-soft FL
yielded different field-to-resistance curves while applying
an electrical voltage and magnetic field simultaneously. In
this demonstration, field-assisted magnetization switch-
ing was conducted first, which looked like normal MT]
behaviour. However, applying a strong electrical field on
the MTTJ cell would lead to stochastic switching because
of the reduction in coercivity and anisotropy field. In
an ideal MT]J, switching in FL should always take place
around the coercivity. However, under an external voltage
as a fluctuation, the magnetization of FL can freely switch
between AP/P states because of the reduced anisotropy
confinement, and thus the expected deterministic switch-
ing vanishes accordingly, as shown in Figure 7. When
experiencing an identical field sweeping, the MTJ cells
with a voltage applied would show stochastic switching
near the zero fields. The stochastic behaviour is similar to
what has been observed in STT-MRAM. It enables simi-
lar stochastic applications as introduced in SMTJ. Conse-
quently, this stochastic property ensures the potential of
VCMA to be applied for image recognition.

To further introduce plasticity, Mishra et al. used a gate
voltage to drive oxygen migration adjacent to the gate to
mimic synaptic behaviour [65]. Figure 8(a—d) shows the
experimental details of this work, including the material
and the device structure. Due to the gradual propagation
of oxygen ions within the resistance layer (GdOy) (Figure
8(a-b)), the whole structure could behave in a typical
learning/forgetting curve, similar to biological synapses.
When applying a strong enough stimulus, i.e. a positive
gate voltage on the light blue area of the device (Figure
8(c)), anomalous-hall effect (AHE) resistance (Ragg) of



the device started to increase until the relief of voltage, as
shown in Figure 8(d) and then the AHE signal started to
decrease if no voltage was applied on the device. Because
the migration of oxygen would significantly influence the
magnetic anisotropy of Co due to the different degrees of
Co oxidation, leading to the varied Rayg signals, shown
in Figure 8(d). The decay of the RapEg signal in Figure
8(e) coincides with the customized Kohlrausch equation
referring to forgetting’ in a human brain [66]. Ultimately,
they also proposed that an MRAM cell could perform a
typical response as LTP.

5. SOT-based neuromorphic applications

5.1. Introduction of SOT switching and SOT-induced
multi-levels

Miron et al. demonstrated a current-induced magnetiza-
tion switching in a heavy metal (HM)/ferromagnet (FM)
bilayer Pt/Co with a perpendicular anisotropy [67]. As
conceptually depicted in Figure 9(a), while a horizontal
charge current flows into the HM layer, a vertically dif-
fusing spin current is generated by the spin Hall effect
[68-70], which leads to opposite spin accumulations at
the top and bottom surface of HM (Pt). Consequently,
the spin accumulation in the vicinity of the HM/FM
interface would induce a torque to re-orientate FM (Co)
magnetization via two kinds of effective field induced
by field-like torque along the y-direction and damping-
like torque along the x-direction [71,72], as shown in
Figure 9(a). During the application of current-induced
torque, an external field collinear to the applied current
is required to break the reversal symmetry of the mag-
netization, leading to deterministic switching [70,73]. It
is the core concept of writing in the 3rd MRAM gener-
ation, which uses the spin current generated in HM to
switch the adjacent FM. Because the spin torque is gen-
erated mainly by the spin Hall effect as a result of strong
spin-orbital coupling in HM, the torque is named SOT
afterwards [74,75].

The magnetization switching by SOT was related
to the DW dynamics and could be affected by the
Dzyaloshinskii-Moriya interaction (DMI) naturally
developed at the HM/FM interface (Figure 9(b)) [76,77].
The DMI is a peculiar interaction that generates a cant-
ing angle between the neighbouring spins at the HM/FM
interface and determines the speed of DW motion dur-
ing magnetization reversal [78-80]. In addition to the
dynamic issue, the different DW types were also asso-
ciated with the strength of DMI. For example, in the
perpendicular magnetization system, the strong DMI
would result in a Néel type DW with a specific chirality
[81,82]. In addition, the nucleation of reversed domains
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and subsequent DW propagation could be observed dur-
ing the SOT switching (Figure 9(c)). Instead, once the
DMI strength is too small to sustain the Néel type DW,
a mixed DW type between Néel and Bloch DW may
exist [83,84]. In this situation, nucleation-driven switch-
ing can be observed, as depicted in Figure 9(d). The
precise control over the domain dynamics has been cur-
rently appealing in this field because the MLC could be
observed once the magnetic intermediate states could
be finely controlled via a gradual DW propagation or
nucleation of reversed domains.

Many approaches have been reported to exploit the
interplay between SOT and DMI for generating an MLC
because this property can artificially mimic the synap-
tic weight. Under an external stimulus, action potentials
from the pre-neuron are transmitted through the synapse
to the post-neuron, together with varied synaptic weight.
Huang et al. reported the generation/stabilization of MLC
using Co/Pt multilayers [85], turning the typical binary
switching to an analog switching with robust MLC. The
impact of this work is that the MLC could be achieved
without the initialization, that is, the intermediate states
can be directly achieved without initialization to the sat-
uration state, which was typically required in most of the
MLCs. The output of MLC was simply determined as a
function of current amplitude and polarity [86].

Fukami et al. demonstrated a field-free SOT device
with the feature of MLC in a PtMn/(Co/Ni) system, in
which Co/Ni multilayer could host the perpendicular
anisotropy and antiferromagnetic (AFM) PtMn could
establish an in-plane exchange bias collinearly aligned
with the input current [87]. In this study, the dual func-
tionalities of PtMn generating spin current and in-plane
exchange bias enabled field-free SOT switching because
the existence of in-plane exchange bias could serve as
an in-plane effective field to break the SOT reversal
symmetry of Co/Ni. Besides, because of the varied cou-
pling strength between FM and AFM (PtMn) among
grains at the interface and the different alignment of
exchange bias direction with the applied current, the
gradual domain reversal accompanied by increasing the
writing current produces the MLC at the zero fields. This
work aroused attention to using AFM:s to be the spin cur-
rent source and a pinning layer to realize field-free MLC
by SOT. Huang et al. further demonstrated an MLC with
a ratchet effect as a result of the exchange spring cou-
pling in an IrMn/perpendicular CoFeB bilayer, in which
the SOT switching following (against) the exchange bias
would feature an analog (digital) property [88]. This
digital-analog duality is first observed in a single SOT
device with AFM. This observation also promoted the
AFM materials to be more active in the MRAM-related
research field. Interestingly, it has been shown the spin
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Figure 9. SOT-driven magnetization switching in HM/FM heterostructures. (a) Spin current injection from heavy metal (HM) and gener-
ation of spin accumulation at the top and bottom surfaces of HM. (b) DMI effect at heavy metal/ferromagnet (FM) interface leading to
the neighbouring spin canting. (c) Magnetization switching by SOT-driven DW propagation. (d) Magnetization switching by SOT-driven
nucleation of reversed domains.



current does not only switch the FM magnetization
but also reverses the direction of exchange bias in an
HM/FM/AEM trilayer system [89], which may realize
the thermally stable SOT device at the nanoscale because
exchange bias can be switched during SOT pulse on but
is fixed afterwards.

5.2. Current achievements of neuromorphic
computing applications using SOT

The achievement of MLC in SOT-MRAM opens a new
avenue towards neuromorphic applications because the
precise control of multi-level switching enables a cell
to produce an analog response. Since the MLCs were
demonstrated in multilayers [85,90], heterostructures
[91-93] and in an AFM/FM exchange-coupled system
[87,89,94], manipulating the domain and DW dynam-
ics to accommodate intermediate states in a SOT device
has been proposed through different manners [95-98].
To mimic the neuron property using SOT devices, some
artificial stimulations have been used to activate neuro-
morphic responses in SOT devices and further explore
the plasticity.

Liu et al. demonstrated neuromorphic LTP and LTD
in ferrimagnet-based (CoGd) SOT devices by varying the
current pulse polarity [95]. That is, consecutively apply-
ing a positive (negative) current pulse leads to the LTP
(LTD) on the output electrical signal. They demonstrated
how LTP (LTD) is achieved by the observation of mag-
netic domains. The gradual increment (decrement) of
current pulses will nucleate new reversed domains with
limited propagation, allowing the analog-like output and
preserving the magnetic states due to the non-volatility.
The variations of the magnetic states, read out by anoma-
lous hall resistance (Ry), on SOT switching can be used
for representing synaptic weight. Based on the LTP and
LTD, this ferrimagnetic artificial neuron can be used
to recognize a handwritten digit performed by simu-
lated multilayer perceptron (MLP), and the recognition
accuracy is approximately 93%.

Zhou et al. reported the domain nucleation-domina
ted SOT switching in an L1;-CuPt/CoPt bilayer, giving
rise to an MLC property as a sigmoidal neuron for a deep
learning network [96]. Live training based on these spin-
tronic neurons achieves a high recognition rate on the
handwritten digit recognition, comparable to the results
of pure simulation based on an ideal sigmoid function.
Additionally, the L1;-CuPt/CoPt bilayer provides field-
free switching due to a SOT symmetry-breaking, origi-
nating from its low-symmetry point group (3 m1) [99].
This structure simplifies the layer design, and its switch-
ing by nucleation makes it less rigorous against defects
than in the case of propagation.
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Cao et al. reported the field-free STDP in an interlayer
exchange-coupled SOT device (Pt/Co(perpendicular
magnetization)/Ta/Co (in-plane magnetization)), which
was treated as an artificial synapse to joint pre-neuron
and post-neuron, as shown in Figure 10(a) [97]. Due to
the presence of in-plane Co, the multi-level SOT switch-
ing of perpendicular Co can be realized without the
assistance of an external field. Under the STDP process,
if a neuron receives an input spike immediately before,
or after, it outputs a spike, the input may make the out-
put stronger or weaker. This work demonstrated that the
artificial synaptic plasticity reflected by Ry could be mod-
ulated by the temporal gap (causality, At) of the spikes,
defined by the time difference on inputs from both ends
in the current channel of the device (input along the +-x-
direction in Figure 10(b)), in which the pre-spike and
post-spike shared the same waveform but were oppo-
site in polarity. Although a single pre- or post-spike did
not exceed the threshold current, the overlapped wave-
form will produce a short peak over the threshold, of
which sign and magnitude depended on the At. A LTD
or LTP of the synaptic weight occurs when the post-
neuron spikes just before (At < 0) or after (At > 0)
the pre-neuron spikes, respectively, as demonstrated in
Figure 10(c). The | At| dependence of the synaptic poten-
tiation/depression magnitudes is similar to that of the
biological synapse, i.e. closer spikes bring a stronger stim-
ulus. A biological synapse realizes such plastic functions
by regulating the ion concentrations, as discussed in
Section 2. Although there is still a lack of explanation on
the Ry-At correlation in this study, the results suggest
that giving the stimuli with changes in the time domain
would indeed influence the output of the device, reflect-
ing the existence of plasticity for the adjustable weight of
ANNG .

Kurenkov et al utilized AFM/FM SOT devices to
demonstrate the functionality of both neurons and
synapses on the same material system by changing the
device size [98]. This work simultaneously utilized tem-
perature dynamics, SOT switching dynamics and the
unique device size-dependent behaviour of AFM/FM
heterostructures. This AFM (PtMn)/FM (Co/Ni) stack
was patterned into 100 nm devices with binary switch-
ing for neurons and 5um analog devices for synapses
(Figure 11(a)). The weight function of the 5um ana-
log device is electrically equivalent to the spike-timing-
dependent update of a biological synapse, as shown in
Figure 11(b). On the other hand, for the 100 nm device
with binary switching, the two magnetization states were
associated with a non-firing and firing states of a neuron
and the temperature represented the excitation level. The
observed dependencies of firing probability on the fre-
quency (Psw vs. fin) (Figure 11(c)) and number (Pgy vs.
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Mpulses) (Figure 11(d)) of incoming stimuli reproduce LIF
functionality of a biological spiking neuron.

5.3. Spin Hall nano-oscillators for neuromorphic
applications

The integration of artificial neurons into large-scale ANN
represents a great engineering challenge. For complex
tasks, the ANN must consist of several layers of inter-
acting artificial neurons to achieve accurate predic-
tions. STT-nano-oscillator (STNO) [100] was proposed
to address this issue; Later, Zahedinejad et al. [101] using
a similar idea but a simplified process demonstrated a
spin Hall nano-oscillators (SHNO) to address the same
issue STNO encountered. Based on the architecture of
SOT devices, SHNO in the form of a three-terminal
structure utilizes pure spin current from the HM layer
to excite the adjacent magnetization and then achieve
steady-state precession, which emits a microwave with a
specific frequency. The fabrication of nano-constrictions
in the magnetic layer can be used as individual artificial
neurons [102], which are capable of mutual synchro-
nization with their neighbouring neurons by magnetic
exchange and dipolar interactions. Large-scale imple-
mentation of SHNO has been demonstrated in 2D arrays
and the individual frequency tuning is achieved by
modifications of the dimensions of nano-constrictions
[101]. SHNO can perform tasks such as voice recogni-
tion by mapping synchronization ranges for each vowel,
with low operation power and large mutual synchro-
nization. However, the frequencies are set when the
devices are fabricated; therefore, this approach did not
allow frequency adjustment for weights to train the
ANN for neuromorphic applications due to the lack of
plasticity.

To overcome this issue, a promising alternative to
control individual artificial neurons was proposed by
Zahedinejad et al.[103]. The integration of an oxide
gate with SHNO, as shown in Figure 12(a-b), provides
manipulation of auto-oscillation frequency by adjusting
the magnetic anisotropy, leading to large-scale mutual

synchronization. When an electric field is applied to the
gate oxide, conductive ionic filaments would be formed
accompanied by migration of oxygen anions and metal
cations, as shown in Figure 12(b). These ionic filaments
would remain even after turning off gate voltage later, and
hence preserved the non-volatility in each SHNO. The
ionic motion intrinsically alters the magnetic anisotropy,
and thus changes auto-oscillation frequency. Further-
more, the variations on ionic filament density controlled
by gate voltage lead to a memristive response of the
microwave output, serving as an ideal candidate for ANN
thanks to the control of the mutual synchronization used
as weights.

This approach quantitatively improved the perfor-
mance relative to their previous work, in which only
partial devices could be synchronized due to the dif-
ferences in the structural constrictions [104]. When the
system is in the high resistance state (HRS), as shown
in Figure 12(a), no conductive paths are formed in the
insulating layer, and only the electric field alters mag-
netic anisotropy, thus changing the precession angle of
the magnetization. On the counterpart, when the system
is driven to the low resistance state (LRS) (Figure 12(b)),
the resistance state can be further changed by sweep-
ing the gate voltage under current compliance (CC) to
manipulate the size of the conducting path in the insu-
lating layer, leading to memristor behaviour, as shown in
Figure 12(c). Figure 12(d-e) shows 7 SHNO with indi-
vidual auto-oscillating (AO) frequency due to different
sizes of the constrictions. To drive the oscillator network
into synchronization, the gate voltage must match the
programmed resistance, and hence mutual synchroniza-
tion is achieved, as shown in Figure 12(f). Figure 12(g)
shows the case when two gate voltages do not match
the programmed resistance so the mutual synchroniza-
tion breaks and three synchronized segments are formed.
SHNOs with memristive functionalities are attractive for
new computing architectures aiming to eliminate the
von-Neumann bottleneck since the weight adjustments
for individual SHNOs allow the training in oscillator
networks.
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5.4. Skyrmion-based SOT device for neuromorphic
applications

Magnetic skyrmions, first theorized by Skyrme in 1962
[105], are one kind of quasi-particles with a specific
spin texture at the nanoscale. Extensive research studies
have been conducted to fabricate skyrmion-based mem-
ory and logic applications because of the low current
density required to drive skyrmion nucleation and prop-
agation in magnetic multilayers. Biittner et al. reported
the SOT-driven generation and motion of skyrmions for
the racetrack memories [106]. The stabilization of mag-
netic skyrmions at room temperature has been a chal-
lenge for long [107]. The significant large DMI found
in magnetic multilayers such as Co/Pt multilayer pro-
vides the required energy to stabilize skyrmions at room
temperature; therefore, the nucleation and propagation of

skyrmions using magnetic multilayers have been studied
for novel computing applications [108,109]. Once nucle-
ated, skyrmions show quasi-particle-like behaviour and
can be transported by external forces like a magnetic field
or current. Incorporating imperfection sites in the device
assisted in creating skyrmions by SOT due to the reduced
perpendicular anisotropy [106,110].

SOT provides skyrmions with an additional force to
change skyrmions’ trajectories, depending on skyrmion
size, defects along the motion path and the strength of
SOT. The precise control over skyrmions’ position by
SOT-driven motion is useful for neuromorphic appli-
cations [111,112]. Song et al. developed a skyrmion-
based system as an artificial synapse by the accumu-
lation/decrement of skyrmions. They showed how the
change in the number of skyrmions in the sensing area
can mimic the potentiation (LTP) and depression (LTD)
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of a synapse, which can be accomplished using consecu-
tive positive (negative) current pulse, respectively [113].
Then, they simulated an ANN for the pattern recognition
with a skyrmion synapse device in a 2T1R configuration,
showing the skyrmion-based ANN can achieve a training
accuracy of ~93%, comparable to the accuracy obtained
using standard software. The approach shows a promis-
ing future for skyrmion-based computing technologies.
However, a real demonstration of ANN using skyrmions
is not demonstrated yet.

6. Challenges and outlook

Current developments in neural networks are fully based
on brain-inspired technology; therefore, a large num-
ber of neurons and synapses need to work together to
process the information and then make the decision,
which brings serious issues of energy and latency in the
neural network. Spintronics-based neuromorphic tech-
nology becomes an ideal candidate to potentially solve
the energy and latency issue thanks to its intrinsic non-
volatility and remarkable scalability, which distinguishes
the spintronic device (including MRAM) itself from
other devices or memories to be one of the dominant
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branches in neuromorphic computing. Although spin-
tronic devices look promising to make neuromorphic
computing more energetically efficient, there still exist
several challenges to making spintronic devices one step
away from the practical ANN.

(1) Non-linear input-output response (non-linearity) is
the basic requirement for ANN, ie. Sigmoid in
CNN. On the other hand, the conventional MRAM
design only reveals its binary nature and allows
digital output. Therefore, searching for a specific
system featuring analog output as a memristor, as
described in the previous sessions, is the way to
work out for non-linearity. The emergent SOT tech-
niques should be one of the important MRAM fam-
ilies to play a role in this perspective. It may be
a great breakthrough to use a single SOT-MRAM
cell as a memristor to replace a colossal array
structure, simplify circuit design and perform the
remarkable non-linear analog output through pre-
cise control over the DW dynamics. Utilizing an
AFM [98], inter-exchange-coupled FMs [97] and
even ferrimagnet [95] has enabled the control over
the DW dynamics to reveal memristive properties.
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Figure 12. Schematic diagram of SHNO with a memristive gate fabricated on the top of the nano-constrictions. Operating in (a) HRS
and (b) LRS. (c) MLC switching of the memristive gate. (d) SHNO chain consisting of seven nano-constrictions connected by six bridges.
(e) AO frequency versus nano-constriction number when no additional current is provided by the gates. (f) AO frequency of the same
SHNO chain when each gate voltage matches its programmed resistance such that the frequency of each nano-constriction reaches that
of its upstream neighbour. As a consequence, all SHNOs mutually synchronize on the frequency of the first SHNO. (g) AO frequency of
the same chain when two of the input voltages do not match their programmed resistances (indicated by grey arrows). Here, V5 is too
low, and Vs is too high and as a consequence, the chain is only partially synchronized as it breaks up into three different segments (cuts
indicated by blue dashed lines). Copyright 2022, Springer Nature [103].
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Furthermore, magnetization switching driven by
SOT would not influence the microstructure of
devices and shows good reversibility to fundamen-
tally address the reliability issue in real operation.
The next issue is associated with scaling because
it indeed affects how ideal a memristor can per-
form, i.e. how many intermediate states of an MLC
can be obtained when scaling down. This forces
researchers to rethink if there is an effective strat-
egy to incorporate more intermediate states with
remarkable controllability and distinguishability in
the MLC for analog output. The resistance changes
based on MT]Js are typically much smaller than
the other emergent memory technologies, which
makes robust intermediate states even more chal-
lenging. Precise control over the DW position dur-
ing the switching, refining the reversed domains or
reducing the skyrmions’ size can be possible solu-
tions to address the issue. The introduction of AFM
may incorporate more ingredients into present SOT-
MRAM on many aspects such as MLC [74], ratchet
[75] and thermal stability [76], which may provide
another tuning knob for robust intermediate states.
Non-volatility is the common advantage of MRAM,
but it may be also an opposite pronoun of stochastic-
ity. The implementation of SMTJ due to its stochas-
ticity not only demonstrates a new kind of frame-
work of neuromorphic computing but also bridges
the beauty of quantum application using spintron-
ics. On the other hand, ideal non-volatility often
requires robust anisotropy to sustain the magneti-
zation state, so it may not allow stochasticity [114].
This issue would be also correlated with the memris-
tive property, which needs sustainable intermediate
states for memory. The balance between stochastic-
ity and robust anisotropy to sustain non-volatility
should be taken into account. Memristor with plas-
ticity may be one of the possible solutions because
the plasticity reflects on the changeable response of
an MRAM cell as manipulating the external stimuli;
therefore, plasticity may provide space to introduce
stochasticity into the system.

To reduce the energy consumption at the device
level, the electrical current threshold to drive mag-
netization switching should be further reduced. In
addition to the conventional strategy with scaling,
exploring new materials with a stronger charge-to-
spin conversion effect is essential, which refers to
the spin Hall angle of HMs [69,115]. This issue pro-
motes the exploration of new metal alloys [116-118]
and the potential topological insulators [119-121],
of which the charge-to-spin conversion effect is
larger than that of a typical HM. The recently
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reported topological Dirac semimetal can also be
one of the potential solutions [122]. Furthermore,
different combinations of spintronic approaches, i.e.
SOT+VCMA or SOT+STT [123], may also reduce
the writing current significantly.

The items reviewed above are all specific issues of
using MRAM (or spintronic devices) for neuromor-
phic computing. The trade-off, among the properties
above, leads to even more complicated challenges for
developing spintronics-based neuromorphic computing.
On the other hand, significant progress has been grad-
ually realized by various proof-of-concept neuromor-
phic computing implementations with spintronic mate-
rials and devices, as demonstrated in Sections 4/5. With
the further exploration of novel materials and circuit
designs, a large-scale ANN based on spintronic devices
will pave a new avenue for neuromorphic computing.
To achieve this goal, technical issues may be potentially
encountered in the large-size fabrication together with
CMOS-compatible techniques. It implies that technical
breakthrough is always the basis of developing a func-
tional ANN architecture, which needs more effort to get
involved from various fields.
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