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Neuromorphic computing based on fully-memristive neural networks could offer a scalable and lower cost 

alternative to existing neural spiking chips based on pure CMOS technology. 

Bernabe Linares-Barranco 

Understanding, and replicating, the human brain is an ambitious challenge. Advances in neuroscience, 

materials science, computer science, electrical engineering, and artificial intelligence have though led to a 

better appreciation of brain functions, and it no longer seems implausible that at some point in the future a 

complete understanding of the brain may be possible. From a computational and engineering perspective, the 

development of neuromorphic computing systems is of particular interest for both, improving our 

understanding of the brain and building artificial brain-inspired systems. Neuromorphic computing could lead 

to cheaper and more efficient computing chips than traditional approaches. Neural spiking chips, which can be 

used to implement artificial neural networks that emulate brain functions, have, for example, been reported, but 

require very advanced and expensive CMOS (complementary metal oxide semiconductor) technologies to 

achieve just a tiny fraction of the brain (one million at the most)
1-4

. Neural spiking chips based entirely on 

nanoscale memristive devices could offer a lower cost alternative to such devices and with potentially higher 

neuronal and synaptic density. However, demonstrations of memristor-based artificial neurons have so far been 

limited and network-level hardware demonstrations that use only memristive devices have remained elusive. 

Writing in Nature Electronics, R. Stanley Williams, Qiangfei Xia, J. Joshua Yang and colleagues now show 

that memristors can be used to create leaky integrate-and-fire artificial neurons and build fully-memristive 

neural networks that are capable of unsupervised learning of visual patterns
5
. 

The human brain contains about 10
11

 neurons interconnected through about 10
14

 synaptic interconnects. It 

consumes only about 20W of power, but is capable of complex sensory and cognitive processing functions, 

sophisticated motor control of multiple body muscles in a coordinated manner, learning and abstraction, and it 

can easily and dynamically adapt to changing environments and unpredicted conditions. To encode 

information, neurons use spikes and in a very efficient manner. For example, it has been shown that humans 

can discriminate patterns in flashing images in about 150 ms (ref. 6), meaning that the neurons involved in the 

recognition process only had time to deliver one spike. This incredibly efficient encoding of information 

comes despite the fact that the computing element employed here – the neuron – tends to be slow, noisy and, at 

times, faulty. 

Each neuron in a neural system appears to represent a “key” recognized feature whenever it emits a spike. For 

example, in the visual cortex, neurons in the first layer fire a spike when there is a short edge in the visual 

input with a given orientation at a given position during a given time window
7
. Neurons in the next layer fire a 

spike when oriented edges appear combined, forming some specific feature, during a given time window. In 

subsequent layers, neurons fire when more sophisticated and abstracted patterns are detected, during a given 

time window. This way, a specific neuron in a given layer is specialized in detecting some “key” feature, by 

combining other more simple “key” features appearing in the previous layer during a given time window. This 

is called feature spatio-temporal coincidence detection and seems to be one of the brain’s most basic 



computing principles. The brain computes this by using leaky integrate-and-fire neurons. When a neuron 

receives a spike through a synaptic connection from a neuron in a previous layer, this spike contributes to 

“excite” the neuron a bit more by integrating or accumulating a small charge in its soma (body). If no more 

spikes are received quickly enough, the accumulated charge leaks away at a given rate and the neuron returns 

to its resting state. However, if more spikes are received within a short enough time window, the charge 

contributed by the spikes would not have time to leak away before reaching the neuron’s threshold that elicits 

it to produce its own spike, thus performing its “key” features coincidence detection in space and time.  

Over the past three decades, engineers have strived to build microchips with silicon neurons and learning 

synapses
1,2

. More recently, big industrial players have joined the quest. For example, IBM has produced the 

inch-square TrueNorth chip
3
 capable of holding up to one million integrate-and-fire neurons, each connected to 

up to 256 non-learning synapses, using conventional 40 nm CMOS technology. Furthermore, Intel has 

announced the Loihi self-learning chip
4
, built in 14 nm CMOS and holding 130,000 integrate-and-fire neurons 

with 130 million synapses. However, these neural spiking chips are implemented using today’s most expensive 

and advanced CMOS chip technologies.  

Memristors are two-terminal variable resistors, whose resistance can change depending on the signals applied 

to it, and its instantaneous resistance can be memorized when no signal is applied. Postulated from circuit 

theoretical principles in 1971 by Leon Chua
9
, they can be a few nanometres in size and can be packed densely 

in a two-dimensional layer with nanometre range pitch. Compared with neural spiking chips based on CMOS 

technology, memristive devices could potentially offer higher neuron and synaptic density
8
. Their fabrication 

process is much cheaper than CMOS, and memristor layers can be stacked in three-dimensions. Assuming a 

30-nm pitch, 10 layers could in principle provide a memory density of one tera (10
12

) nonvolatile analogue 

cells per cm
2
. Such devices are being used already in commercial chips for digital non-volatile memory

10
. 

The researchers – who are based at the University of Massachusetts Amherst, Loughborough University, 

Hewlett Packard Labs of Hewlett Packard Enterprise, the Air Force Research Laboratory, and Tsinghua 

University – created a self-learning spiking 8x8 crossbar array on a single chip with 64 synapses and 8 leaky 

integrate-and-fire neurons. The 64 synapses are built with non-volatile HfO-based synaptic drift memristors, 

and the 8 neurons are built with  volatile silver-based diffusive memristors. With this chip they show reliable 

learning of visual patterns. Therefore, this demonstrates a  fully-memristive learning spiking neural system in a 

single chip.  

Memristor layers can be fabricated on top of a CMOS substrate, and can provide highly parallel mass storage 

tightly coupled to CMOS computing circuits. With such a system, computing and learning processes in the 

brain can be imitated by combining memristors with spiking signal processing and silicon integrate-and-fire 

neurons
11

. Fig. 1a illustrates a hypothetical brain-like system built using CMOS microchip technology 

combined with memristors for synapses, with Fig. 1b illustrating the three-dimensional stacking possibility of 

synaptic memristor layers. Full monolithic CMOS+memristor proposals are yet to be experimentally 

demonstrated due to various unresolved technical challenges such as fabrication of very high density and large 

area memristive fabrics with good reliability, repeatability, and many reprogramability cycles. Even when 

these challenges are resolved, however, the approach would still require expensive silicon substrates to 

implement the neurons and manage the long-range (multi-chip) inter-communication. In this respect, the work 

of Yang and colleagues could provide an important step forward, as it opens up the possibility of implementing 

the neuron integrate-and-fire functionality with dense low-cost volatile diffusive memristors (Fig. 1c). 

Furthermore, negating the requirement of present-day expensive CMOS substrates, it is possible to imagine 



fabricating both synaptic and neuronal nanoscale memristive layers over low-cost flexible large-area plastic 

substrates. 
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Figure 1. Illustration of a scalable brain-like computing system based on memristors. (a) Top-left (1) 

Printed circuit board holding an array of 110 microchips interconnected through high-speed digital microstrips. 

(2) Detail of a microchip highlighting bidirectional interconnection microstrips to all neighbours. (3) Block 

diagram of chip showing a router circuit for programming interconnectivity, circuitry for test and 

reconfiguration support, and the main spike processor containing neurons and synapses. (4) Detail of spike 

processor, where integrate-and-fire neurons are implemented as silicon neurons on a CMOS substrate and 

synapses are implemented as a dense memristor array fabric, tightly connected to the neurons. (5) Detail of a 

silicon neuron, which includes a spike integration circuitry, a spike genesis/transmission circuitry, circuitry for 
setting/tuning neural parameters, and circuitry for spike communication with the router. (6) Detail of a synaptic 

non-volatile memristor element fabricated at the intersection of a nanoscale density crossbar. (b) Illustration of 
an evolution of the Spike Processor in (4) where 10 non-volatile memristive layers are stacked vertically in 3D. 

(c) Illustration of a further evolution by replacing the CMOS silicon neuron array by arrays of diffusive 

memristors performing the same integrate-and-fire functionality, but interleaved between synaptic memristor 
layers. 

 

 


