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Memristors—From In-Memory Computing, Deep Learning
Acceleration, and Spiking Neural Networks to the Future
of Neuromorphic and Bio-Inspired Computing
Adnan Mehonic,* Abu Sebastian, Bipin Rajendran, Osvaldo Simeone, Eleni Vasilaki,
and Anthony J. Kenyon
Solutions based on DL and GPU implementations have led to massive improvements in many AI tasks, but have also
caused an exponential increase in demand
for computing power. Recent analyses
show that the demand for computing
power has increased by a factor of 300 000
since 2012, and the estimate is that this
demand will double every 3.4 months—at
a much faster rate than improvements
made historically through Moore’s scaling
(a sevenfold improvement over the same
period of time).[1] At the same time,
Moore’s law has been slowing down significantly for the last few years,[2] as there are
strong indications that we will not be able
to continue scaling down complementary
metal–oxide–semiconductor (CMOS) transistors. This calls for the exploration of
alternative technology roadmaps for the
development of scalable and efﬁcient AI
solutions.
Transistor scaling is not the only way
to improve computing performance.
Architectural innovations, such as GPUs,
ﬁeld-programmable arrays (FPGAs), and application-speciﬁc
integrated circuits (ASICs), have all signiﬁcantly advanced the
ML ﬁeld.[3] A common aspect of modern computing architectures for ML is a move away from the classical von-Neumann
architecture that physically separates memory and computing.
This approach yields a performance bottleneck that is often
the main reason for both energy and speed inefﬁciency of ML
implementations on conventional hardware platforms due to

Machine learning, particularly in the form of deep learning (DL), has driven most
of the recent fundamental developments in artiﬁcial intelligence (AI). DL is based
on computational models that are, to a certain extent, bio-inspired, as they rely
on networks of connected simple computing units operating in parallel. The
success of DL is supported by three factors: availability of vast amounts of data,
continuous growth in computing power, and algorithmic innovations. The
approaching demise of Moore’s law, and the consequent expected modest
improvements in computing power that can be achieved by scaling, raises the
question of whether the progress will be slowed or halted due to hardware
limitations. This article reviews the case for a novel beyond-complementary
metal–oxide–semiconductor (CMOS) technology—memristors—as a potential
solution for the implementation of power-efﬁcient in-memory computing, DL
accelerators, and spiking neural networks. Central themes are the reliance on
non-von-Neumann computing architectures and the need for developing tailored
learning and inference algorithms. To argue that lessons from biology can be
useful in providing directions for further progress in AI, an example-based
reservoir computing is brieﬂy discussed. At the end, speculation is given on the
“big picture” view of future neuromorphic and brain-inspired computing systems.

1. Introduction
Three factors are currently driving the main developments in
artiﬁcial intelligence (AI): availability of vast amounts of data,
continuous growth in computing power, and algorithmic innovations. Graphics processing units (GPUs) have been demonstrated as effective co-processors for the implementation of
machine learning (ML) algorithms based on deep learning (DL).
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costly data movements. However, architectural developments
alone are not likely to be sufﬁcient. In fact, standard digital
CMOS components are inherently not well suited for the implementation of a massive number of continuous weights/synapses
in artiﬁcial neural networks (ANNs).
1.1. The Promise of Memristors
There is a strong case to be made for the exploration of alternative
technologies. Although the memristor technology is currently still
in development, it is a strong candidate for future non-CMOS and
beyond von-Neumann computing solutions.[4] Since its early
development in 2008,[5] or even earlier under different names,[6]
memristor technology expanded remarkably to include many different materials solutions, physical mechanisms, and novel computing approaches.[4] A single progress report cannot cover all
different approaches and fast-growing developments in the ﬁeld.
The evaluation of state of the art in memristor-based electronics
can be found elsewhere.[7] Instead, in this article, we present and
discuss a few representative case studies, showcasing the potential role of memristors in the expanding ﬁeld of AI hardware. We
present the examples of how memristors are used for in-memory
computing systems, DL accelerators, and spike-based computing.
Finally, we discuss and speculate on the future of neuromorphic
and bio-inspired computing paradigms and provide reservoir
computing as an example.
For the last 15 years, memristors have been a focal point
for many different research communities—mathematicians,
solid-state physicists, experimental material scientists, electrical
engineers, and, more recently, computer scientists and computational neuroscientists. The concept of memristor was introduced almost 50 years ago, back in 1971,[8] was nearly
forgotten for almost four decades. There are many different ﬂavors of memristive technologies. Still, in their most popular
implementation, memristors are simple two-terminal devices
with the extraordinary property that their resistance depends
on their history of electrical stimuli. In other words, memristors
are resistors with memory. They promise high levels of integration, stable non-volatile resistance states, fast resistance switching, and excellent energy efﬁciency—all very desirable properties
for next generation of memory technologies.
The physical implementations of memristors are broad and
arguably include many different technologies, such as redoxbased resistive random-access memory (ReRAM), phase-change
memories (PCMs), and magnetoresistive random-access memory (MRAM). Further differentiations within larger classes can
be made, depending on physical mechanisms that govern the
resistance change. Many excellent reviews cover the principles
and switching mechanisms of memristor devices. Here, we will
brieﬂy mention two extensively studied types of memristive
devices, namely, ReRAM and PCM.
Resistance switching is one of the most explored properties of
memristive devices. A thin insulating ﬁlm reversibly changes its
electrical resistance—between an insulating state and a conducting state—under the application of an external electrical stimulus. For binary memory devices, two stable states are sought,
typically called the high resistance state (HRS) and the low resistance state (LRS). The transition from the HRS to the LRS is
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called a SET process, whereas a RESET process describes the
transition from the LRS to the HRS.
Basic memory cells of both types, in their most straightforward
implementation, have three layers—two conductive electrodes
and a thin switching layer sandwiched in-between. Local redox
processes govern resistance switching in ReRAM devices.
A broad classiﬁcation can be made based on a distinction between
the switching that happens as a result of intrinsic properties of
the switching material (typically oxides) and switching that is the
result of in-diffusion of metal ions (typically from one of the
metallic electrodes). The former type is called intrinsic switching,
and the latter is called extrinsic switching.[9] Alternatively, a classiﬁcation can be made depending on the main driving force for
the redox process (thermal or electrical), or the type of ions that
move. The main three classes are electrochemical metallization
cells (or conductive bridge) ReRAMs (ECM), valence change
ReRAMs (VCM), and thermochemical ReRAMs (TCM).[4]
Many ReRAM devices require an electroforming step prior to
resistance switching. This can be considered a soft breakdown of
the insulating material. A conductive ﬁlament is produced inside
the insulating ﬁlm as a result of the applied electrical bias.
Modiﬁcation of conductive ﬁlaments, led by a local redox process,
leads to the change of resistance. The diameter of the conductive
ﬁlament is typically on the order of a few nanometers to a few
tens of nanometers, and it does not depend on the size of the
electrodes. Another, less common type is interface-type switching, which does not depend on creation and modiﬁcation of conductive ﬁlaments, but can be driven by the formation of a tunnel
or Schottky barrier across the whole interface between electrode
and switching layer.
In the case of PCMs, the change of resistance due to the crystallization and amorphization processes of phase change materials. Amplitude and duration of applied voltage pulses control
the phase transitions – the SET process changes the amorphous
to a crystalline phase (HRS to LRS transition), and the RESET
process changes the crystalline to an amorphous phase (LRS
to HRS transition).
For many computing tasks, more than two states are required,
and for most memristive devices, including ReRAMs and PCMs,
many resistance states can be achieved. However, benchmarking
of memristive devices for different applications, beyond pure digital memory, can be challenging and relies on many different
parameters other than the number of different resistance states.
We will discuss the main device properties in the context of different applications.
1.2. The Landscape of Different Approaches and Applications
In the context of this article, memristors can be used in applications beyond simple memory devices.[10] A “big picture” landscape of memristor-based approaches for AI is shown in
Figure 1. There is more than one way that memristors can perform computing. A unique feature of memristor devices is the
ability to co-locate memory and computing and to break the vonNeumann bottleneck at the lowest, nanometer-scale level. One
such approach is the concept of in-memory computing, which
uses memory not only to store the data but also to perform computation at the same physical location. Furthermore, memristors
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Figure 1. The landscape of memristor-based systems for AI. In-memory computing aims to eliminate the von-Neumann bottleneck by implementing
compute directly within the memory. DL accelerators based on memristive crossbars are used to implement vector-matrix multiplication directly using
Ohm’s and Kirchhoff ’s laws. SNNs, a type of ANNs, are biologically more plausible and do not operate with continuous signals, but use spikes to process
and transfer data. Memristor systems could provide a hardware platform to implement spike-based learning and inference. More complex functionalities
(neuromorphic), beyond simple digital switching CMOS paradigm, directly implemented in memristive hardware primitives, might fuel the next wave of
higher cognitive systems.

have long been considered for DL acceleration. In particular,
memristive crossbar arrays physically represent weights in
ANNs as conductances at each cross-point. When voltages are
applied at one side of the crossbar and current sensed on the
orthogonal terminals, the array provides vector-matrix multiplication in constant time step using Kirchhoff ’s and Ohm’s laws.
Vector-matrix multiplications dominate most DL algorithms—
hundreds of thousands are often needed during training and
inference. When weights are implemented as memristor conductances, there is no need for the extensive power-hungry data
movement required by conventional digital systems based on
the von-Neumann architecture.
Other more bio-realistic concepts are also being explored.
These include schemes relying on spike-based communication.
The central premise of this approach can be summarized with
the motto “computing with time, not in time.” It has been shown
that memristors can directly implement some functions of biological neurons and synapses, most importantly, synapse-like
plasticity, and neuron-like integration and spiking. In these
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solutions, the information is encoded and transferred in the form
of voltage or current spikes. Memristor resistances are used as
proxies for synaptic strengths. More importantly, adjustment of
the resistances is controlled according to local learning rules.
One popular local learning rule is spike-timing-dependent plasticity (STDP), which adjust a local state variable such as conductance dynamically based on the relative timing of spikes. In a
simple example, the conductance of a memristive “synapse”
can be increased or decreased depending on the degree of overlap between pre- and post-synaptic voltage pulses. There also
exist implementations that do not require overlapping pulses,
instead utilizing the volatile internal dynamics of memristive
devices. Spike-based computing promises further improvements
in power efﬁciency, taking the inspiration from the remarkable
efﬁciency of the human brain. It is important to note that
there exist many challenges related to full adoption of memristor
technologies. We discuss some of the common device and system non-idealities and some proposed schemes to deal with
these. In contrast, when carefully controlled, some of these
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non-idealities, such as stochastic switching, can be harnessed for
probabilistic computing. We provide an overview of some algorithmic approaches of probabilistic spiking neural networks
(SNNs) and provide references to hardware and memristor-based
implementations.
Finally, we speculate that, for future developments in AI, new
knowledge and computational models from the ﬁelds of computational neuroscience could play a crucial role. Virtually, all
recent developments in ML and DL are driven by the ﬁeld of computer science. At the same time, the algorithmic inspiration from
neuroscience is mostly based on old models established as early
as the 1950s. Although we are still at the infancy of understanding the full working principles of the biological brain, novel
brain-inspired architectural principles, beyond simple probabilistic DL approaches, could lead to higher level cognitive functionalities. One such example is the concept of reservoir computing,
which we discuss brieﬂy in the article. It is unlikely that current
digital CMOS transistor technology can be optimized for the
implementation of much more dynamic and adaptive systems
in an efﬁcient way. In contrast, memristor-based systems, with
their rich switching dynamics and many state variables, may provide a perfect substrate to build a new class of intelligent and
efﬁcient neuromorphic systems.

2. In-Memory Computing
In the von-Neumann architecture, which dates back to the 1940s,
memory and processing units are physically separated, and
large amounts of data need to be shuttled back and forth between
them during the execution of various computational tasks. The
latency and energy associated with accessing data from the memory units are key performance bottlenecks for a range of applications, in particular, for the increasingly prominent AI-related
workloads.[11] The energy cost associated with moving data is a
key challenge for both severely energy constrained mobile and
edge computing as well as high-performance computing in a
cloud environment due to cooling constraints. The current
approaches, such as using hundreds of processors in parallel[12]
or application-speciﬁc processors,[13] are not likely to fully overcome the challenge of data movement. It is getting increasingly

clear that novel architectures need to be explored where memory
and processing are better collocated.
In-memory computing is one such non-von-Neumann
approach where certain computational tasks are performed in
place in the memory itself organized as a computational memory
unit.[14–17] As schematically shown in Figure 2, in-memory computing obviates the need to move data into a processing unit.
Computing is performed by exploiting the physical attributes
of the memory devices, their array-level organization, the peripheral circuitry, and the control logic. In this paradigm, the memory is an active participant in the computational task. Besides
reducing latency and energy cost associated with data movement,
in-memory computing also has the potential to improve the
computational time complexity associated with certain tasks
due to the massive parallelism afforded by a dense array of
millions of nanoscale memory devices serving as compute units.
By introducing physical coupling between the memory devices,
there is also a potential for further reduction in computational
time complexity.[18,19] Memristive devices, such as PCM,
ReRAM, and MRAM,[20,21] are particularly well suited for
in-memory computing.
There are several key physical attributes that enable inmemory computing using memristive devices. First of all, the
ability to store two levels of resistance/conductance values in a
non-volatile manner and to reversibly switch from one level to
the other (binary storage capability) can be exploited for computing. Figure 3a shows the resistance values achieved upon
repeated switching of a representative memristive device (a PCM
device) between LRS and HRS. Due to the LRS and the HRS,
resistance could serve as an additional logic state variable. In conventional CMOS, voltage serves as the single logic state variable.
The input signals are processed as voltage signals and are output
as voltage signals. By combining CMOS circuitry with memristive devices, it is possible to exploit the additional resistance state
variable. For example, the HRS state could indicate logic “0,” and
the LRS state could denote logic “1.” This enables logical operations that rely on the interaction between the voltage and resistance state variables and could enable the seamless integration of
processing and storage. This is the essential idea behind memristive logic, which is an active area of research.[24–26] Memristive
logic has the potential to impact application areas, such as image

Figure 2. In-memory computing. In a conventional computing system, when an operation f is performed on data D, D has to be moved into a processing
unit. This incurs signiﬁcant latency and energy cost and creates the well-known von-Neumann bottleneck. With in-memory computing, f(D) is performed
within a computational memory unit by exploiting the physical attributes of the memory devices. This obviates the need to move D to the processing unit.
Adapted with permission.[14] Copyright 2017, Springer Nature.
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Figure 3. The key physical attributes of memristive devices that facilitate in-memory computing. a) Binary storage capability whereby the devices can be
switched between high and low resistance values in a repeatable manner. Adapted with permission.[22] Copyright 2019, IOP Publishing. b) Multi-level
storage capability whereby the devices can be programmed to a continuum of resistance values by the application of appropriate programming pulses.
Adapted with permission.[23] Copyright 2018, American Institute of Physics. c) The accumulative behavior whereby the resistance of a device can be
progressively decreased by the successive application of identical programming pulses. Reproduced with permission.[23] Copyright 2018, American
Institute of Physics.

processing,[27] encryption, and database query.[28] Brain-inspired
hyper-dimensional computing that involves the manipulation of
large binary vectors has recently emerged as another promising
application area for in-memory logic.[29,30] Going beyond binary
storage, certain memristive devices can also be programmed to a
continuum of resistance or conductance values (analog storage
capability). For example, Figure 3b shows a continuum of resistance levels in a PCM device achieved by the application of programming pulses with varying amplitude. The device is ﬁrst
programmed to the fully crystalline state, after which RESET
pulses are applied with progressively increasing amplitude.
The device resistance is measured after the application of each
RESET pulse. Due to this property, it is possible to program a
memristive device to a certain desired resistance value through
iterative programming by applying several pulses in a closedloop manner.[31] Yet another physical attribute that enables
in-memory computing is the accumulative behavior exhibited
by certain memristive devices. In these devices, it is possible
to progressively reduce the device resistance by the successive
application of SET pulses with the same amplitude. Also, in certain cases, it is possible to progressively increase the resistance
by the successive application of RESET pulses. Experimental
measurement of this accumulative behavior in a PCM device
is shown in Figure 3c. This accumulative behavior is central to
applications, such as training deep neural networks (DNNs),
which is described later. Furthermore, the behavior is not limited
to PCM devices, and most memristor-based technologies show
potential for multi-level switching and gradual resistance modulation. Therefore, the applications presented using this feature in
PCM technology could, in principle, be achieved using most
other memristor technologies. We refer readers to dedicated
review articles and previous literature that cover gradual resistance modulation obtained in different memristor techniques.[10]
The intrinsic stochasticity associated with the switching behavior
in memristive devices can also be exploited for in-memory
computing.[32] Applications include stochastic computing[33]
and physically unclonable functions.[34] We will discuss these
concepts in more detail later in the text.
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A very useful in-memory computing primitive enabled by the
binary and analog non-volatile storage capability is matrix-vector
multiplication (MVM).[7,35] The physical laws that are exploited to
perform this operation are Ohm’s law and Kirchhoff ’s current
summation laws. For example, to perform the operation
Ax ¼ b, the elements of A are mapped linearly to the conductance
values of memristive devices organized in a crossbar conﬁguration. The x values are mapped linearly to the amplitudes of read
voltages and are applied to the crossbar along the rows. The result
of the computation, b, will be proportional to the resulting current measured along the columns of the array. The concept is
shown in Figure 4 and can be summarized by a simple equation
that relates the voltage vector, V, the conductance matrix, G, and
the current vector, I, as I ¼ G V.
Compressed sensing and recovery are one of the applications
that could beneﬁt from an in-memory computing unit that performs MVMs. The objective behind compressed sensing is to
acquire a large signal at sub-Nyquist sampling rate and to subsequently reconstruct that signal accurately. Unlike most other
compression schemes, sampling and compression are done
simultaneously, with the signal getting compressed as it is sampled. Such techniques have widespread applications in the
domain of medical imaging, security systems, and camera sensors. The compressed measurements can be thought of as a mapping of a signal x of length N to a measurement vector y of length
M < N. If this process is linear, then it can be modeled by an
M  N measurement matrix M. The idea is to store this measurement matrix in the in-memory computing unit, with memristive
devices organized in a crossbar conﬁguration (see Figure 5a). In
this manner, the compression operation can be performed in
O(1) time complexity. To recover the original signal from the
compressed measurements, an approximate message passing
(AMP) algorithm can be used, using an iterative algorithm that
involves several MVMs on the very same measurement matrix
and its transpose. In this way, the same matrix that was coded
in the in-memory computing unit can also be used for the reconstruction, reducing reconstruction complexity from O(M  N) to
O(N). An experimental illustration of compressed sensing
© 2020 The Authors. Published by Wiley-VCH GmbH
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Figure 4. a) Memristor crossbar array. b) Applied (read) voltages and conductance of memristor devices in a crossbar array deﬁne an input vector and an
input matrix, whereas sensed currents provide a resulting vector of vector-matrix multiplication.

(a)

(b)

Figure 5. a) Compressed sensing involves one MVM. Data recovery is performed via an iterative scheme, using several MVMs on the very same measurement matrix and its transpose. b) An experimental illustration of compressed sensing recovery in the context of image compression is presented,
showing 50% compression of a 128  128 pixel image. The NMSE associated with the reconstructed signal is plotted against the number of iterations.
Adapted with permission.[36] Copyright 2018, IEEE.

recovery in the context of image compression is shown in
Figure 5b. A 128  128 pixel image was compressed by 50%
and recovered using the measurement matrix elements encoded
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in a PCM array. The normalized mean square error (NMSE)
associated with the recovered signal is plotted as a function of
the number of iterations. A remarkable property of AMP is that
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its convergence rate is independent of the precision of the
MVMs. The lack of precision only results in a higher error ﬂoor,
which may be considered acceptable for many applications. Note
that, in this application, the measurement matrix remains ﬁxed,
and hence, the property of PCM that is exploited is the multi-level
storage capability.

3. DL Accelerators
DNNs, loosely inspired by biological neural networks, consist of
parallel processing units called neurons interconnected by plastic
synapses. By tuning the weights of these interconnections using
millions of labeled examples, these networks are able to perform
certain supervised learning tasks remarkably well. These networks are typically trained via a supervised learning algorithm
based on gradient descent. During the training phase, the input
data are forward propagated through the neuron layers with the
synaptic networks performing multiply accumulate operations.
The ﬁnal layer responses are compared with input data labels,
and the errors are backpropagated. Both steps involve sequences
of MVMs. Subsequently, the synaptic weights are updated to
reduce the error. This optimization approach can take multiple
days or weeks to train state-of-the-art networks on conventional
computers. Hence, there is a signiﬁcant effort toward the design
of custom ASICs based on reduced precision arithmetic and
highly optimized dataﬂow.[13,37] However, the need to shuttle
millions of synaptic weight values between the memory and
processing unit remains a key performance bottleneck, both
for power and time efﬁciency, and, hence, in-memory computing
is being explored as an alternative approach for both inference
and training of DNNs.[38,39] The essential idea is to map the various layers of a neural network to an in-memory computing unit
where memristive devices are organized in a crossbar

conﬁguration (see Figure 6). The synaptic weights are stored
in the conductance state of the memristive devices, and the propagation of data through each layer is performed in a single step by
inputting the data to the crossbar rows and deciphering the
results at the columns.
DL inference refers to just the forward propagation in a DNN
once the weights have been learned. Both binary and analog storage capability of memristive devices can be exploited for the
MVM operations associated with the inference operation. The
key challenges are the inaccuracies associated with programming
the devices to a speciﬁed synaptic weight as well as drift, noise,
etc., associated with the conductance values.[40] Due to this
programming noise, the synaptic weights that are obtained by
training in high precision arithmetic (e.g., 32 bit ﬂoating point)
cannot be mapped directly to computational memory. However,
it can be shown that by customizing the training procedure to
make it aware of these device-level non-idealities, it is possible
to obtain synaptic weights that are suitable for being mapped
to an in-memory computing unit.[39] For conductance drift,
global scaling procedures or periodic calibration of the batch normalization parameters have been found to be very effective.[39]
Figure 7 shows the mixed hardware/software experimental
results using a prototype multi-level PCM chip. The synaptic
weights are mapped to PCM devices organized in a two-PCM
differential conﬁguration (723 444 PCM devices in total). The differential conﬁguration means that two memristors are used per
synaptic weight, so both positive and negative weights can be represented. It can be seen that with a hardware-aware custom training scheme, it is possible to approach the ﬂoating-point baseline.
The temporal decline in accuracy is attributed to the conductance
drift exhibited by PCM devices.[41] However, with appropriate
compensation schemes, it is possible to maintain software equivalent accuracies over a substantial period of time.

Figure 6. DL based on in-memory computing. The various layers of a neural network are mapped to a computational memory unit where memristive
devices are organized in a crossbar conﬁguration. The synaptic weights are stored in the conductance state of the memristive devices. A global communication network is used to send data from one array to another. Adapted with permission.[17] Copyright 2020, Springer Nature.
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Figure 7. DL inference. Experimental results on ResNet-32 using the
CIFAR-10 data set. The classiﬁcation accuracies obtained via the direct mapping and custom training approaches are compared with the ﬂoating-point
baseline. Reproduced with permission.[39] Copyright 2020, Springer Nature.

In-memory computing can also be used in the context of
supervised training of DNNs with backpropagation. When performing training of a DNN encoded in crossbar arrays, forward
propagation is performed in the same way as inference described
earlier. Next, backward propagation is performed by inputting
the error gradient from the subsequent layer onto the columns
of the current layer and deciphering the result from the rows.
Subsequently, the error gradient is computed. Finally, the weight
update is performed based on the outer product of activations
and error gradients of each layer. This weight update relies on
the accumulative behavior of memristive devices. Recent DL
research shows that when training DNNs, it is possible to perform the forward and backward propagations rather imprecisely,
whereas the gradients need to be accumulated in high precision.[42] This observation makes the DL training problem amenable to the mixed-precision in-memory computing approach
that was recently proposed.[43] The in-memory compute unit is
used to store the synaptic weights and to perform the forward
and backward passes, whereas the weight changes are accumulated in high precision (Figure 8a).[45,46] When the accumulated

weight exceeds a certain threshold, pulses are applied to the corresponding memory devices to alter the synaptic weights. This
approach was tested using the handwritten digit classiﬁcation
problem based on the MNIST data set. A two-layered neural network was used with two-PCM devices in differential conﬁguration (400 000 devices) representing the synaptic weights.
Resulting test accuracy after 20 epochs of training was 98%
(Figure 8b). After training, inference on this network was performed for over a year with marginal reduction in the test accuracy. The crossbar topology also facilitates the estimation of the
gradient and the in-place update of the resulting synaptic weight
all in O(1) time complexity.[38,47] By obviating the need to perform gradient accumulation externally, this approach could
yield better performance than the mixed-precision approach.
However, signiﬁcant improvements to the memristive technology, in particular, the accumulative behavior, are needed to apply
this to a wide range of DNNs.[48,49]
Compared with the charge-based memory devices that are also
used for in-memory computing,[50–52] a key advantage of memristive devices is the potential to be scaled to dimensions of a few
nanometers.[53–57] Most of the memristive devices are also suitable for back end of line integration, thus enabling their integration with a wide range of front-end CMOS technologies. Another
key advantage is the non-volatility of these devices that would
obviate the need for computing systems to be constantly connected to a power supply. However, there are also challenges that
need to be overcome. The signiﬁcant intra-device and intradevice variability associated with the LRS and HRS states is a
key challenge for applications where memristive devices are used
for logical operations. For applications that rely on analog storage
capability, a signiﬁcant challenge is programming variability that
captures the inaccuracies associated with programming an array
of devices to desired conductance values. In ReRAM, this variability is attributed mostly to the stochastic nature of ﬁlamentary
switching, and one prominent approach to counter this is that of
establishing preferential paths for conductive ﬁlament formation.[58,59] Representing single computational elements using
multiple memory devices is another promising approach.[60] Yet
another challenge is the temporal and temperature-induced variations of the programmed conductance values. The resistance “drift”
in PCM devices, which is attributed to the intrinsic structural relaxation of the amorphous phase, is an example. The concept of

Figure 8. DL training. a) Schematic illustration of the mixed-precision architecture for training DNNs. b) The synaptic weight distributions and classiﬁcation accuracies are compared between the experiments and ﬂoating point baseline. Reproduced with permission.[44] Copyright 2020, Frontiers Media.
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projected PCM is a promising approach toward tackling
“drift.”[61,62] Other memristor technologies could have similar
issues related to states retention or occurrence of random telegraphic noise. The requirements that the memristive devices
need to fulﬁll when used for computational memory are heavily
application-dependent. For memristive logic, high cycling endurance (>1012 cycles) and low device-to-device variability of the
LRS/HRS resistance values are critical. For computational tasks
involving read-only operations, such as MVM, it is required that
the conductance states remain relatively unchanged during their
execution. It is also desirable to have a gradual analog-type
switching characteristic for programming a continuum of resistance values in a single device. A linear and symmetric accumulative behavior is also required in applications where the device
conductance needs to be incrementally updated such as in DL
training.[63] For stochastic computing applications, random
device variability is not problematic, but any device degradation
should be gradual and graceful to compensate for variations in
switching voltages.[64] We further summarize some common
device non-idealities and proposed approaches to minimize
the adverse effects in Section 6.

4. SNNs and Memristors
As opposed to the DL networks discussed earlier, SNNs can more
naturally incorporate the notion of time in signal encoding and
processing. SNNs are typically modeled on the integrate-and-ﬁre
behavior of neurons in the brain. In this framework, neurons
communicate with each other using binary signals or spikes.
The arrival of a spike at a synapse triggers a current ﬂow into
the downstream neuron, with the magnitude of the current
weighted by the effective conductance of the synapse. The incoming currents are integrated by the neuron to determine its membrane potential, and a spike is issued when the potential exceeds
a threshold. This spiking behavior can be triggered in a deterministic or probabilistic manner. Once a spike is issued, the membrane potential is reset to a resting potential or decreased
according to some predetermined rule. The integration is limited
to a speciﬁc time window, or else a leak factor is incorporated in
the integration, endowing the neuron model with a ﬁnite memory of past spiking events.
Compared with the realization of the second-generation
DNNs (discussed in the previous section), SNNs can potentially
have signiﬁcant improvements in efﬁciency. The ﬁrst reason for
this comes from the underlying signal encoding mechanism.
The calculation of the output of a neuron involves the determination of the weighted sum of synaptic weights with real-valued
neuronal outputs of the previous layer. For a fully connected
second-generation DNN with N neurons in each layer, this
requires N 2 multiplications of real-valued numbers, typically
stored in low precision representations. In contrast, the forward
propagation operation in an SNN only requires addition operations, as the input neuronal signals are binary spike signals.
To elaborate, assume that the input signal is encoded as a spike
train with duration T, with a minimum inter-spike interval of Δt.
If the probability of a spike at any instant of time is p, then, on an
average, NpT=Δt spikes have to be propagated through the synapses, and this requires N 2 pT=Δt addition operations. In most
Adv. Intell. Syst. 2020, 2000085
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modern processors, the cost of multiplication, C m , is 3–4 times
higher than that of addition, C a . Hence, provided the neuronal
and synaptic variables required for computation are available in
the processor, SNNs offer a path to more efﬁcient computation
if the inequality
 
T
Ca p
< Cm
(1)
Δt
holds. Hence, it is important to develop algorithms for SNNs that
minimize p and ðT=ΔtÞ to improve computational efﬁciency. This
requires the use of sparse binary signal encoding schemes that go
beyond rate coding that is typically used in SNNs today. The following section will discuss strategies to develop general-purpose
learning rules for SNNs that satisfy such constraints. The second
potential for efﬁciency improvement of SNNs arises because of
novel memristor-based processor architectures. While SNNs
can be implemented using Si CMOS static random-access memory or dynamic random-access memory technologies, the advent
of novel nanoscale memristive devices provides opportunities for
signiﬁcant improvements in overall computational efﬁciency.
As mentioned in the previous section, memristive devices can
be integrated at the junctions of crossbar arrays to represent the
weights of synapses, and CMOS circuits at the periphery can be
designed to implement the neuronal integration and learning
logic. The small form factor of the devices, coupled with the scalability of operating voltages and currents beyond what is possible
with conventional CMOS, suggests that these architectures can
have several orders of magnitude efﬁciency improvement over
silicon-based implementations.[65,66] However, apart from the
already mentioned non-idealities of memristive devices, crossbar
arrays with more than 2048  2048 devices present reliability
issue due to the resistance drop on the wires and the sneak paths
that corrupt the measurement and programming of synaptic
states. One approach to mitigate these issues is to design neurosynaptic cores with smaller crossbars and associated neuron circuits, tile these cores on a 2D array, and provide communication
fabrics between the cores.[67] Such tiled neurosynaptic core-based
designs are particularly amenable for realizing SNNs, as only
binary spikes corresponding to intermittently active spiking neurons need to be transported between cores, as opposed to realvalued neuronal variables that are active for all the neurons in
the core in the case of DL networks. This is the second inherent
advantage that SNNs have over DNNs for computational efﬁciency improvement.
Overcoming the reliability challenges mentioned earlier is
essential for building reliable systems and would require the
co-optimization of algorithms and architectures that are
designed to mitigate or leverage these non-ideal behaviors for
computation. Two kinds of systems can be visualized based
on the application mode. Inference engines, which do not support on-chip learning, can be designed based on memristive devices integrated on crossbars, where the devices are programmed
to the desired conductance states based on the weights obtained
from software training. However, as memristive devices support
incremental conductance changes by the application of suitable
electrical programming pulses, it is also possible to design learning systems where network weight updates are implemented onchip in an event-driven manner.[68] There are also many recent
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examples where these devices have been engineered to mimic
the integration and ﬁre characteristics of biological neurons,[69–71] potentially enabling the realization of all-memristor
implementations of SNNs.[72] The ﬁeld is still in its infancy
and, so far, has only witnessed small proof-of-concept demonstrations. We now discuss some of the approaches that have been
explored toward realizing memristive-based inference-only spiking networks as well as learning networks with SNNs.
4.1. Memristive SNNs for Inference
A common approach to develop SNNs is to start with a secondgeneration ANN trained using traditional backpropagation-based
methods, and then convert the resulting network to a spiking
network in software. These solutions are based on weightnormalization schemes, so that the spike rates of the neurons in
the SNN are proportional to the activations of the neurons in the
ANN.[73,74] While this should, in principle, result in SNNs with
comparable accuracies as their second-generation counterparts,
some device-aware re-training would typically be necessary when
the network is implemented in hardware due to the non-linearity
and limited dynamic ranges of nanoscale devices.
One of the differentiating features of inference engines is that
the nanoscale devices storing state variables are programmed
only rarely, compared with the number of reads (potentially at
every inference cycle). As higher energy programming cycles
have a stronger effect in degrading device lifetimes compared
with the lower energy read cycles, this mode of operation can
have better overall system reliability compared with that of learning systems.
In a preliminary hardware demonstration leveraging this
approach, Midya et al. used memristors based on SiOxNy:Ag
to implement compact oscillatory neurons whose output voltage
oscillation frequency is proportional to the input current.[75] In
this proof-of-concept demonstration of a three-layer network,
ANN to SNN conversion was limited to the last layer alone,
but the approach could be extended to hidden layers as well.

4.2. Memristive SNNs for Unsupervised Learning and
Adaptation
Most hardware demonstrations of SNNs using memristive devices have focused on the unsupervised learning paradigm, where
the synaptic weights are modiﬁed in an unsupervised manner
according to the biologically inspired STDP rule.[76] The rule captures the experimental observation that when a synapse experiences multiple pre-before-post pairings, the effective synaptic
strength increases, and conversely, multiple post-before-pre spike
pairs result in an effective decrease in synaptic conductance.
It should be noted that while other biological mechanisms
may also play a key role in learning and memory formation in
the brain, as have been observed experimentally,[77,78] STDP is
a simple local learning rule, which is especially straightforward
to implement in hardware. While it is possible to implementtiming-dependent plasticity rules using many-transistor CMOS
circuits,[79] it was experimentally demonstrated early on that
memristive devices can exhibit STDP-like weight adaptation
behaviors upon the application of suitable waveforms.[68,80,81]
Going beyond individual device demonstrations, IBM has
also demonstrated an integrated neuromorphic core with
256  256 PCM synapses fabricated along with Si CMOS neuron
circuits capable of on-chip learning based on a simpliﬁed model
of STDP for auto-associative pattern learning tasks.[82]
Boybat et al. used phase change memristive synapses to demonstrate temporal correlation detection through unsupervised
learning based on a simpliﬁed form of STDP,[60] as shown in
Figure 9. In their experiment, a multi-memristive architecture
was introduced, where N PCM devices are used to represent
one synapse, with all devices within a synapse read during spike
transmission, but only one of the devices, selected through an
arbitration scheme, is programmed to update the synaptic
weight. Software equivalent accuracies could be obtained in
the experiment with this scheme, although the individual devices
are plagued by several common non-ideal effects, such as programming non-linearity, read noise, and conductance drift.
Note that with N ¼ 1 device representing a synapse, the network

Figure 9. a) Unsupervised learning demonstration using multi-memristive PCM architecture. The network consists of an integrate and ﬁre neuron
receiving inputs from 1000 multi-PCM synapses, with each synapse being excited by Poisson generated binary spike streams. 10% of the synapses
receive correlated inputs, whereas the rest receive uncorrelated inputs. The weights evolve based on the simpliﬁed STDP rule shown. b) With
N ¼ 7 PCM device per synapse, the correlated and uncorrelated synaptic weights evolve to well-separated values, whereas with N ¼ 1, the separation
is corrupted due to programming noise. Reproduced with permission.[60] Copyright 2018, Springer Nature.
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accuracy was signiﬁcantly lower than the software baseline; N ¼ 7
devices were necessary to obtain close to ideal performance.
Spiking networks can also be used for other unsupervised
learning[83] and adaptation tasks. Recently, Fang et al. demonstrated that certain optimization problems could be solved driven
by the coupled dynamics of ferroelectric ﬁeld-effect transistor
(FeFET)-based spiking neurons.[84] While there was no synaptic
weight adaptation in this approach, the optimal solution to the
problem is determined by the coupled interactions between
the neurons, which modulate each other’s membrane potentials
in an event-driven manner.

spike streams. The accuracy for spike placement obtained in the
experiment was about 80% compared with the software baseline
accuracy of over 98%, despite using the same multi-memristive
architecture described earlier. This experiment is, hence, illustrative of the need for developing more robust and event-driven
learning algorithms for SNNs that can mitigate or even leverage
the device non-idealities for designing computational systems
(Figure 10).
In summary, spike-based learning and inference are promising facets of the neuromorphic computing paradigm. Unlike
conventional ML models, spike-based processing “computes
with time, not in time.”

4.3. Memristive SNNs for Supervised Learning
Compared with the previous two approaches, implementing
supervised learning in SNNs is a more challenging task, as
the algorithm and the network must generate spikes at precise
time instants based on the input excitation. As opposed to the
backpropagation algorithm that is highly successful in training
ANNs, supervised learning algorithms for SNNs are not well
developed yet, due to the inherent difﬁculty in applying gradient
descent methods for spiking neuron models with inﬁnite discontinuities at the instants of spikes. Nevertheless, there have been
several demonstrations of supervised learning algorithms for
SNNs based on approximate forms of gradient descent for simple
fully connected networks.[85–87]
Recently, Nandakumar et al. demonstrated a proof-of-concept
realization of supervised learning in a two-layer SNN implemented using nanoscale PCM synapses based on the
Normalized Approximate Descent Algorithm.[88] In the experiment, 132 spike streams representing spoken audio signals generated using a silicon cochlea chip were used as the input, and
the network was trained to generate 168 spike streams whose
arrival times indicate the pixel intensity corresponding to the
spoken characters.[88] Compared with normal classiﬁcation problems in deep networks where the accuracy depends only on the
relative magnitude of the response of the output neurons, the
SNN problem is harder, as the network is tasked with generating
close to 1000 spikes at speciﬁc time instances over a period of
1250 ms from 168 spiking neurons that are excited by 132 input

5. Some Challenges of Memristor Technologies
While memristor technology shows a huge promise for a wide
range of applications, several signiﬁcant challenges need to be
addressed to make them commercially viable. It is essential to
recognize that different applications have different device
requirements. There are general challenges related to reliability,
fabrication, uniformity, and scalability that need to be addressed
regardless of the application. The family of memristor technologies is diverse, and different technologies come with different
kinds of device and system non-idealities. These are covered extensively in the available literature,[89] where scalability and reliability
issues are discussed in the context of speciﬁc memristor technologies. While some of the stringent requirements typically necessary for non-volatile data storage and memory applications might
be relaxed for analog and neuromorphic computing, other additional device properties might be speciﬁcally required. Here, we
will discuss some key examples of typical non-idealities relevant
for the types of computing applications covered in this report,
as well as some approaches that may be used to mitigate them.
One of the most prominent issues relates to the non-linearity
in current/voltage characteristic seen many memristive devices.
This prevents accurate vector-matrix computation using memristive crossbars, as the output current does not depend linearly on
the applied voltage, and the linear relationship (I ¼ G V) assumed
cannot be used over the whole voltage range. Few techniques

Figure 10. a) SNN supervised learning experiment. A two-layer network is tasked with generating 1000 ms long spike streams from the 168 neurons at the
output corresponding to the images of the spoken characters. The inputs to the network are 132 spike streams representing the characters subsampled from
the output of a silicon cochlea chip. The weights are modiﬁed based on the NormAD learning rule. b) Using multi-PCM synapses, the accuracy of spike
placement at the output is about 80%, compared with the FP64 accuracy of close to 98%. Reproduced with permission.[88] Copyright 2020, Springer Nature.
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have been proposed to deal with I/V non-linearities such as
hot-forming step prior to programming,[90] or use of transistor
selector elements (1T1R architectures).[91] By elevating the temperature to 150  C during the electroforming step, it is possible
to increase the number of oxygen vacancies generated in Ta2O5
ReRAM devices and form denser conductive ﬁlaments. Denser
ﬁlaments formed at the elevated temperatures exhibit much
better I/V linearity compared with those formed at the room
temperature. Using a transistor as a selector element in the
1T1R architecture allows for the much better control of the current compliance during the set and the electroforming processes.
This is a likely reason for the improved I/V linearity.
The next non-ideality concerns the cycle-to-cycle and device-todevice variability that is inherent to nanoscale devices. This could
be addressed partially by improved materials engineering, such
as the use of ultra-thin atomic layer deposition-TiN buffer
layers,[92] or the engineering of oxide–metal interfaces[93,94]
and oxide microstructure[95] that improves the stability of operating characteristics. These techniques are used to restrict ﬁlaments
formation to the particular sites and limit signiﬁcant variations
in ﬁlaments conﬁguration from cycle to cycle. Faulty devices could
be considered by adapting mapping schemes (the way that
weights in ANNs are mapped onto the memristor conductance
states), and using redundancy techniques.[96] The issue of limited
dynamic range (i.e., separation between on- and off-state conductance) could be extended using two or more devices whose conductances are assigned different signiﬁcances to represent a single
weight.[49] Adverse effects that arise due to the ﬁnite resistance of
metal wires used for the crossbar are mitigated using advanced
mapping or compensation schemes.[97]
Recently, a technology agnostic technique called committee
machines (CMs) has demonstrated signiﬁcant potential in
increasing the inference accuracy when dealing with several
non-idealities.[98] The approach does not assume any prior
knowledge of particular non-idealities or the use of customized
training procedures. The main idea behind CMs is to use committees of smaller neural networks and to average the inference

outputs. This leads to higher inference accuracy, even with the
same total number of devices used (the total number of weights
from all members of the committee is equal to the number of
weights in a single large neural network). This is shown in
Figure 11. Put simply, it is advantageous to combine several
smaller neural networks rather than to use a single large neural
network when dealing with non-perfect memristor devices.
While the abovementioned requirements are sufﬁcient
for building reliable inference engines, on-chip training in DL
accelerators also requires that device conductance can be programmed in an a linear fashion. Ideally, it would be possible
to increase or decrease the device conductance linearly based
on the number of identical (positive or negative) voltage pulses,
and not depending on the current state. If the devices could be
linearly tuned, simple programming schemes to implement
on-chip learning can be used without requiring complex peripheral circuits. However, most memristor technologies exhibit
highly non-linear programming characteristics. The resistance
change is not only dependent on pulse width/amplitude, but
also on the current resistance state. Much work has been done
to obtain devices that exhibit linear programmability, as well as
to develop speciﬁc programming schemes that would improve
non-linear resistance modulation. One such scheme is the
state-dependent (SD) programming that instead of identical
pulses uses exponentially increasing pulse width while keeping
the amplitude ﬁxed.[99] Excellent programming linearity can be
obtained using this scheme; however, the drawback is that the
complexity of peripheral control circuitry increases, limiting
the overall power-efﬁciency gains, as additional memory is
required to record current conductance states and to verify them
before every programming pulse. Another approach is to use
identical pulses consisting of one programming pulse and one
offset pulse of opposite polarity. This approach, bipolar scheme
(BP), does not require tracking of current resistance states as in
the case of SD, and the circuitry is not as complex and limiting.[100] Materials optimization includes the use of bilayers that
are shown to improve non-linear programming.[101]

Figure 11. Effectiveness of CMs to dealing with different types of device and system non-idealities. a) Inference accuracy of committees (of size 5) as a
function of the accuracy of the individual networks that constitute the committees. All data points above the dashed line indicate improvement in
accuracy. b) Median accuracy achieved by individual networks and committees of networks plotted against the total number of synapses required
for these neural networks or their committees. Reproduced with permission.[98] Copyright 2019, The Author(s). Published in arXiv.
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It is important to note that the majority of non-idealities are
studied in single devices or small arrays, and the available statistics is still limited. For memristor technology to gain full maturity, there is a great need for more extensive reliability studies,
where adverse effects from lower tail bits might become more
apparent.

6. Harnessing Hardware Randomness for
Learning
As discussed in the previous sections, the implementation of
standard deterministic systems may be severely impaired in
hardware implementations whose components are inherently
noisy. This is the case for memristive implementation of deterministic ANNs and SNNs in which the synaptic weights are
deﬁned by the conductance of memristors. As also seen, stateof-the-art solutions are predicated on the need to mitigate the
adverse effects. In this section, we explore the idea that, if properly harnessed, native hardware randomness can be an asset,
rather than a nuisance, for the purpose of developing learning
and inference machines.
The main argument in favor of harnessing, rather than mitigating, randomness is that it enables the implementation of the
primitive of sampling without the need for specialized hardware.
Sampling, that is, drawing random numbers from a probability
distribution, is a key step for the deployment of probabilistic
models and of Bayesian learning and inference strategies.[102,103]
As we will discuss, probabilistic spiking neuron models have
potential advantages over conventional deterministic counterparts, such as leaky integrate-and-ﬁre, in facilitating the development of ﬂexible learning rules. Furthermore, as will also see,
unlike standard learning strategies, Bayesian learning can quantify uncertainty, enhance generalization, and provide tools for a
principled exploration of the parameter space.
There are generally two way to inject noise—at the level of the
activation of each neuron and at the level of the synaptic weights.
The ﬁrst approach enables the implementation of probabilistic
spiking behavior. For example, the stochasticity of the switching
process in ReRAM-based memristor devices has been utilized to
this end.[104] Synaptic sampling, instead, allows the deployment
of Bayesian learning and inference, and a number of different
hardware platforms, including memristors, have been proposed
for this purpose.[105–108]
In the following, we ﬁrst review the role of probabilistic spiking models for learning, and then provide a short discussion of
Bayesian methods. This discussion is aimed at offering some
guideline on the development of suitable hardware platforms
and on the exploration of properties of memristive devices that
typically seen as disadvantageous. Although these algorithmic
concepts are currently less well explored in direct hardware
implementations than standard deterministic methods, we
believe that memristor technologies could be particularly well
suited for their efﬁcient implementations.
6.1. Probabilistic SNNs
As we have discussed, deterministic spiking neuron models such
as leaky integrate-and-ﬁre deﬁne non-differentiable functions of
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the synaptic weights: Increasing or decreasing the synaptic
weights of a spiking neuron may cause the membrane potential
to cross or step back from the spiking threshold, causing an
abrupt change in the output. The derivative with respect to
the weights is, hence, zero except around the ﬁring threshold,
where it is undeﬁned. As a result, standard gradient-based learning rules cannot be directly derived for deterministic models of
SNNs. In probabilistic SNN models, a neuron spikes probabilistically with a probability that increases with its membrane potential. Probabilistic models for SNNs solve the outlined problem
by deﬁning as learning criterion a function of the probability
of spiking according to the desired spatio-temporal patterns.
This function is differentiable in the weight vectors.
To elaborate, in supervised and unsupervised learning, the
learning problem can be formulated as the minimization of a
loss function that measures the degree to which the spiking
behavior of neurons in a readout layer conforms to the desired
behavior dictated by the training set.[109,110] This problem is differentiable when deﬁned in terms of the probability of the spiking signals in the readout layer.[105] In reinforcement learning,
the goal is to minimize a time-averaged reward signal obtained
by the learning agent, as it interacts with the environment, making observations and taking actions. A reinforcement learning
agent is, hence, faced with the problem of balancing the need
for exploration of the parameter space with that of exploiting
its current knowledge to increase the reward signal. This can
be done by optimizing over a probabilistic policy that chooses
actions with a conﬁdence that increases as training proceeds.
The resulting optimization problem can be formulated in terms
of the probability of the behavior of the neurons in the readout
layer when the latter is converted into actions.[110]
Once a learning criterion is determined based on the problem
under study, because of the differentiability of the function to be
optimized, training can be carried out via stochastic gradientbased rules.
As a related note, we observe that another advantage of probabilistic SNN models is that they can be directly extended with
minor conceptual and algorithmic difﬁculties to allow for multivalued spikes or inter-neuron instantaneous connections or,
equivalently, Winner Take All (WTA) circuits.[111] This is particularly important, because data produced by some neuromorphic
sensors incorporate a sign to indicate a positive or negative
change.[112] Furthermore, various decoding rules, such as ﬁrstto-spike, can be directly optimized for, instead of having to rely
on surrogate target spiking sequences.[113]
To illustrate the potential advantages of probabilistic SNN
models, we consider a standard reinforcement learning task,
in which a learning agent acts in a grid world with the aim of
ﬁnding the shortest way to an unknown goal location. Two
approaches are compared. The ﬁrst is the standard method of
training an ANN model and converting the trained weights
for use in an SNN with the same architecture. The alternative
approach directly trains a probabilistic SNN as a stochastic policy
that selects actions, i.e., moves in the grid world, by trading exploration and exploitation. Figure 12 compares the performance of
these two solutions as a function of the resolution of the input
grid representation. The results clearly validate the intuition that
directly training the stochastic policy, as a probabilistic SNN is
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7. Future of Neuromorphic and Bio-Inspired
Computing Systems

Figure 12. Consider the standard reinforcement learning task in which a
learning agent aims at ﬁnding a shortest path to an unknown goal point
in a grid world through episodic interactions with the environment. The
ﬁgure shows the time steps needed to reach the goal and the number of
spikes per episode for the standard approach of converting a pre-trained
ANN and for the direct training or a probabilistic SNN. Reproduced with
permission.[110] Copyright 2019, IEEE.

more effective, as well as efﬁcient in terms of number of spikes,
than using ANN-to-SNN conversion.
6.2. Bayesian SNNs
As mentioned, synaptic sampling enables the implementation of
Bayesian inference and learning.[105–108] Unlike the conventional
approach considered thus far of identifying a single set of parameter vectors during learning, the Bayesian principle
prescribes the inference of a probability distribution over the synaptic weights. While in the presence of sufﬁcient data, this distribution concentrates on the optimal weight conﬁguration,
when data are limited, the synaptic weight distribution provides
a “credibility” proﬁle in the parameter space. This, in turn, allows
the assessment of uncertainty and of the conﬁdence of the model’s decisions or actions, as well as the principled exploration of
the parameter space.
Efﬁcient Bayesian learning methods rely on the capacity of the
model to draw samples from the current weight distribution.
This is important both during inference, to obtain a credibility
proﬁle over outputs, and during learning, to enable exploration.
Initial efforts toward the implementation of Bayesian methods
on hardware include references.[105–108] These papers implement
synaptic sampling by including additional circuitry. In contrast,
we envision that the inherent randomness of switching processes
in memristive devices could provide a source of randomness
“for free.” Memristors may, hence, be the missing piece that will
unlock the potential of spike-based computing.
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Taking a “big picture” view, current AI and ML methods, in particular, have achieved astonishing results in every ﬁeld they have
been applied to and have become or are becoming standard tools
for nearly every type of industry one can think of. This impressive
invasion was mainly propelled by DL, which is loosely inspired by
biological neural networks.
DL primarily refers to learning with ANNs of many layers and,
fundamentally, is not different to what we know about that ﬁeld
in the 1990s. Indeed, the key algorithm underlining the success
of DL, backpropagation, is an old story: “Learning with backpropagating errors” by Rumelhart et al. was published in 1986.[114]
The most commonly used neural networks are feedforward neural networks, and convolutional neural networks used for image
processing can be seen as inspired by our visual system, and both
of these are not very new concepts.
Backpropagation is, perhaps, the most fundamental method
we can think of for parameter optimization. It is derived by differentiating an error function with respect to the learnable
parameters, so in some ways, it is not entirely surprising that
the algorithm existed for many years. What might be somehow
surprising is that we have not been able to move away much from
this idea. While there has been recent progress, much of it consisted of relatively small additions and tweaks, for instance, new
ways to address the so-called “problem of the vanishing gradient,” the deterioration of the error signal as is backpropagated
from the output to the input of the network. Undoubtedly, there
were some fundamentally different architectures, smart techniques, and novel analyses, but, arguably, the key factor behind
such a success seems to be the vast availability of data and
computational power.
In fact, recent advances of the neuroscience community are
not present in the neural networks. We do not want to argue
that this, per se, is either good or bad, or to suggest that the
next super-algorithms will be copying nature. We only want
to underline that though inspired only, ANNs had their basis
on neuroscience concepts and that there are many phenomena
that have, perhaps, not been sufﬁciently explored within an AI
context. For instance, biological neural networks have different
learning rules for positive and negative connections; connections change in multiple time scales and show reversible
dynamic behavior (known as short-term plasticity), and the
brain itself has a structure where speciﬁc areas play different
roles, just to name a few.
Instead, our progress was mainly based on hardware improvements that made this success possible by allowing long training
phases; an amount of training unrealistic for any human. While
it is true that human intelligence also develops over years and
that human learning involves many trials, for comparison,
AlphaGoZero, which surpass human performance in the game
of Go, was trained over 4.9 million games.[115] To match this
number of games would require a human that lives for 90 years
to complete one Go game every 10 min from the moment they
are born. This realization tells us two things: 1) our machines do
not learn the same way that humans do, and even if we think
our methods as bio-inspired, we likely still miss some key
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ingredients and 2) executing that many games certainly requires
considerable computational power and energy consumption.
As a consequence, training algorithms often require a high
energy footprint due to excessive training times and hyper
parameter tuning involved. Hyper-parameters are parameters
of the system that are not (usually) adapted via the learning
method itself; one such example is the learning rate, which indicate how fast the network should update its “knowledge.” Before
rushing to say that a high learning rate is obviously desirable,
such a learning rate could lead to oscillations as, for instance,
optimal solutions could be overlooked, or it could lead to forgetting previously obtained knowledge. Setting the learning rate
right is not always trivial. In fact, the tuning of hyper-parameters
was what originally made the ML community to turn away from
ANNs, and it was the performance of DL that brought the focus
back. One may then wonder, at the end of the day how much
energy inefﬁcient could DL systems be? The reply is, perhaps,
surprising: estimated carbon emissions for training standard natural language processing models is approximately ﬁve times
higher than running a car for a lifetime.[116] This realization suggests there is an urgent need to improve on both current hardware and learning models.
Given such energy concerns, systems based on low-power
memristive devices are a highly promising alternative.[117,118]
Besides having a low carbon footprint, many studies demonstrated devices that mimic neurons, synapses, and plasticity phenomena. Often, such approaches work well for off-line training.
However, some of these attempts, particularly where plasticity
is involved, are opportunistic (including own work), and how
scaling to larger networks could happen is not always obvious.
Faithfully reproducing the brain functionality, when neuroscience has already so many open questions, is challenging for
any technology. Moreover, using technologies that potentially
allow less possibilities for engineering in comparison with traditional methods (such as CMOS) might well be mission impossible. How far can we go by reconstructing neuron by neuron and
synapse by synapse in terms of scalability remains unclear.
A more promising way might be to achieve a deeper understanding of the physics of the relevant materials and based on this
understanding co-develop the technology and the required learning methods for achieving AI.
In the meantime, in parallel, we can immediately explore simple bio-inspired approaches that harness the dynamics of the
material and could be proven useful for particular sets of problems. Here, we present one such example, which stems from the
area of reservoir computing, an idea invented separately by
Herbert Jeager for the ML community,[119] under the name of
echo state networks, and by Wolfgang Mass[120] for the computational neuroscience community, under the name of liquid state
machines. We strongly suspect that both these methods were
very much motivated by the difﬁculty of training recurrent
networks with a generalization of backpropagation known as
backpropagation through time. While feedforward networks
can perform many tasks successfully, recurrences are required
for memory, and moreover, the brain is clearly not only feedforward. If recurrences exist and are required, there must be a way
to efﬁciently train such structures. As a side note, it is very difﬁcult to imagine how a biological neural network would be able to
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implement backpropagation through time, and for this alternative, approaches have recently made their appearance.[121]
Reservoir computing methods came up with a workaround to
the problem of training recurrent networks: they do not train
them but instead harness their properties. Common in the
approaches of echo state networks and liquid state machines
is the idea of using a randomly recurrent network with ﬁxed connectivity, hence no need to resort to backpropagation through
time. This recurrent network is called a reservoir. It provides
memory and at the same time transforms the input data to a
spatiotemporal representation of higher dimensionality. This
enhanced representation can be used as an input to single-layer
perceptrons that are trained with a very simple learning method,
so the only learnable parameters are the feedforward weights
between the reservoir neurons and the output neurons. The
key difference between the echo state networks and liquid state
machines is that the ﬁrst approach uses recurrent artiﬁcial neuron dynamics, whereas the second uses recurrent SNNs, reﬂecting the mindset in their corresponding communities. The main
principle of reservoir computing is shown in Figure 13. The
input x(t) is projected into the higher dimensional feature space
r(t) using the dynamical reservoir system. Only the weights connecting the internal states r(t) with the output y(t) need to be
trained, whereas the rest of the system is ﬁxed. The advantage
of this approach is that it only requires a simple training method,
whereas the ability to process complex and temporal data is
retained.
Indeed, it might be surprising how much randomness can do
from the point of computation: a random network can enrich
data representations sufﬁciently, so that a linear method can
separate the data into the desirable classes. This approach is conceptually similar to the well-known method of support vector
machines, which uses kernels to augment the dimensionality
of the data, so that again only a simple linear method is sufﬁcient
to achieve data classiﬁcation. In fact, a link between the purely
statistical technique of support vector machines and the bioinspired technique of reservoir computing has been formally
built.[122] We can, perhaps, think of this link as a demonstration
that biological inspiration and purely mathematical methodology
might also solve problems in a similar manner.
We claim that reservoir computing would beneﬁt from appropriate hardware. When simulating, the convergence of the recurrent network requires time, because the continuous system will
be discretized and sequentially run on the central processing
unit. If instead we replace the reservoir with an appropriate material, this step could become both fast and energy efﬁcient: the
material could compute effortlessly using its physical properties.
Reservoirs do not need overengineering, because no speciﬁc
structure is required; we only need to produce dynamics that
are complex enough but not chaotic. In fact, there has already
been work exploiting memristors in this direction.[123]
Could ideas from biology still add value to existing methods?
A recent augmentation of the echo state networks,[124] inspired
by the fruit ﬂy brain, explores the concept of sparseness to
improve learning performance of reservoirs. In brains, contrary
to the typical ANNs, only few neurons ﬁre at a time, a fact that has
been linked to memory capacity. Neuronal thresholds appropriately initialized and updated with a slower time constant than
that of the feedforward learnable weights can modulate
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Figure 13. Reservoir computing maps inputs x(t) to higher dimensional space, deﬁned by the reservoir states r(t). Only weights connecting reservoir
states r(t) and output y(t) need to be trained.

sparseness and lead to better performance in comparison with
the non-sparse reservoir, but also in comparison with stateof-the-art methods in a set of benchmark problems. Due to
the sparseness leading to task-speciﬁc neurons, this bio-inspired
technique can alleviate the problem of catastrophic forgetting.
ML methods often suffer from the fact that once they learn a
new task, they have forgotten the previous one. As in the space
reservoir network, a new task will likely recruit previously unused
neurons, and learning a new skill does not completely override
those previously learned. This simple method competes and surpasses more complicated methods that are built speciﬁcally to
address catastrophic forgetting. Most importantly, the formulation of the speciﬁc rule allows for completely replacing the network dynamics with any other dynamics, including material
dynamics, that are suitable for the purpose (i.e., highly non-linear
and not chaotic). Perhaps, there are more such lessons to be
learned from biology.
So, what can be done right now? To us, it is clear that a better
understanding of the physics behind memristive devices is key
for the progress of the ﬁeld.[125] A deeper understanding will
allow us to harness the properties of the system for brain-like
computation rather trying to fabricate some arbitrary brain
behavior that may or may not be important in the context of a
speciﬁc application, or worse may not scale up. Instead of thinking at the level of mimicking neurons and synapses, we can
instead take inspiration from the biological systems, consider
the dynamics required for neuronal processing, and use the
material physics to reproduce them.

8. Conclusions
Memristor technologies are still to realize their full potential that
has been promoted over the last 15 years. Although predominantly seen as candidates to replace or augment our current digital memory technologies, the impact of memristor technologies
on the broader ﬁelds of AI and cognitive computing platforms is
Adv. Intell. Syst. 2020, 2000085
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likely to be even more signiﬁcant. As discussed in this progress
report, the versatility of memristor technologies has resulted
in their use across a range of applications: from in-memory
computing, DL accelerators, and SNNs, to more futuristic bioinspired computing paradigms. These approaches should not
be seen as solutions to the same problem, nor as technologies
that are in direct competition among themselves or with current,
very successful, CMOS systems. In addition, it is crucial to recognize that many of the discussed research areas are still at the
very beginning of their development. Of these, more mature
approaches will likely produce industrially relevant solutions
sooner. For example, greater power efﬁciency is an essential
utility and a pressing issue that many engineers are trying to
address. In-memory computing and DL accelerators based on
memristors represent an attractive proposition for extreme
power efﬁciency.
There is also signiﬁcant scope for more fundamental work.
Development of new generations of bio-inspired algorithms
would further boost advancements in hardware systems and platforms. The challenge and opportunity lie in the interdisciplinary
nature of the research and the necessity to understand distinct
methodologies and approaches. We believe that the community
will beneﬁt from the next generation of researchers being well
educated across different traditional disciplines. For example,
there is an undeniable link between the ﬁelds of computer science, more speciﬁcally, ML, and computational neuroscience.
The two disciplines could co-exist separately and act independently with distinct goals; however, there are great beneﬁts to
be gained from a more holistic approach. A strong case for closer
collaboration has been made recently.[126] Collaborations should
be expanded to include researchers in solid-state physics, materials science, nanoelectronics, circuit/architecture design, and
information theory. Memristors show great promise to be a fabric for producing brain-inspired building blocks,[127] and this
progress report showcases different types of memristor-based
applications. Memristor technologies are versatile enough to
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provide the perfect platform for different disciplines to strive
together in pushing the frontiers of our current technologies
in the most fundamental way. There are many speciﬁcs around
memristive technologies, which have not been covered in this
progress report. For example, optical control of memristive devices could potentially bring additional beneﬁts in terms of higher
bandwidth, lower cross talk, faster operational speeds, and integrate sensing together with memory and processing.[128–131]
Integration of multiple functionalities in a compact nanodevice
could lead to even better power efﬁciency of neuromorphic systems, such as artiﬁcial retinas.[132]
The progress report presents a broader landscape of ways
memristors could be utilized for future computing systems.
We aim to provide a general overview of the main approaches
currently being pursued. In addition, the report provides some
speculations about what might be missing in the research ﬁeld
and what efforts could be fruitful for the future. As such, the
report does not include all details of different memristor technologies, materials systems, or speciﬁc technology challenges. There
is a number of excellent review articles that cover speciﬁcs in
much more details, and we refer readers to those. More speciﬁcally, an excellent overview of memristor-based electronics that
discussed future prospects and current challenges can be found
in the previous study.[7] More details about in-memory computing, including digital and analog schemes, are covered in the previous study.[16] The use of PCMs for brain-inspired computing
is speciﬁcally discussed in the previous study,[23] whereas
the use of redox-based memristors can be found in another
review.[133] Other types of memristive technologies, not mentioned in this progress report, including ferroelectric memories,
non-ﬁlamentary resistive random-access memory, and topological insulators, are covered in the recent guest editorial.[134]
Integration of CMOS and memristive technologies for neuromorphic applications is discussed in the previous study.[118]
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