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BACKGROUND: Memristive devices exhibit an
electrical resistance that can be adjusted to
two or more nonvolatile levels by applying
electrical stresses. The core of the most ad-
vanced memristive devices is a metal/insulator/
metal nanocell made of phase-change, metal-
oxide, magnetic, or ferroelectric materials,
which is often placed in series with other cir-
cuit elements (resistor, selector, transistor) to
enhance their performance in array configu-
rations (i.e., avoid damage during state tran-
sition, minimize intercell disturbance). The
memristive effect was discovered in 1969
and the first commercial product appeared in
2006, consisting of a 4-megabit nonvolatile
memory based on magnetic materials. In the
past few years, the switching endurance, data
retention time, energy consumption, switch-
ing time, integration density, and price of
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memristive nonvolatile memories has been
remarkably improved (depending on the mate-
rials used, values up to ~10" cycles, >10 years,
~0.1pJ, ~10 ns, 256 gigabits per die, and <$0.30
per gigabit have been achieved).

ADVANCES: As of 2021, memristive memories
are being used as standalone memory and
are also embedded in application-specific
integrated circuits for the Internet of Things
(smart watches and glasses, medical equip-
ment, computers), and their market value ex-
ceeds $621 million. Recent studies have shown
that memristive devices may also be exploited
for advanced computation, data security, and
mobile communication. Advanced computa-
tion refers to the hardware implementation
of artificial neural networks by exploiting
memristive attributes such as progressive
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Fundamental memristive effects and their applications. Memristive devices, in which electrical
resistance can be adjusted to two or more nonvolatile levels, can be fabricated using different materials (top
row). This allows adjusting their performance to fulfill the requirements of different technologies. Memristive
memories are a reality, and important progress is being achieved in advanced computation, security systems,

and mobile communication (bottom row).

Lanza et al., Science 376, 1066 (2022) 3 June 2022

conductance increase and decrease, vector
matrix multiplication (in crossbar arrays), and
spike timing-dependent plasticity; state-of-the-
art developments have achieved >10 trillion
operations per second per watt. Data encryp-
tion can be realized by exploiting the stochas-
ticity inherent in the memristive effect, which
manifests as random fluctuations (within a
given range) of the switching voltages/times
and state currents. For example, true random
number generator and physical unclonable
functions produce random codes when expos-
ing a population of memristive devices to an
electrical stress at 50% of switching proba-
bility (it is impossible to predict which devices
will switch because that depends on their
atomic structure). Mobile communication can
also benefit from memristive devices because
they could be employed as 5G and terahertz
switches with low energy consumption owing
to the nonvolatile nature of the resistive states;
the current commercial technology is based
on silicon transistors, but they are volatile and
consume data both during switching and
when idle. State-of-the-art developments have
achieved cutoff frequencies of >100 THz with
excellent insertion loss and isolation.

OUTLOOK: Consolidating memristive mem-
ories in the market and creating new commer-
cial memristive technologies requires further
enhancement of their performance, integra-
tion density, and cost, which may be achieved
via materials and structure engineering. Mar-
ket forecasts expect the memristive memories
market to grow up to ~$5.6 billion by 2026,
which will represent ~2% of the nearly $280
billion memory market. Phase-change and
metal-oxide memristive memories should im-
prove switching endurance and reduce energy
consumption and variability, and the magnetic
ones should offer improved integration den-
sity. Ferroelectric memristive memories still
suffer low switching endurance, which is hind-
ering commercialization. The figures of merit
of memristive devices for advanced compu-
tation highly depend on the application, but
maximizing endurance, retention, and con-
ductance range while minimizing temporal
conductance fluctuations are general goals.
Memristive devices for data encryption and
mobile communication require higher switch-
ing endurance, and two-dimensional mate-
rials prototypes are being investigated.
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Memristive devices, which combine a resistor with memory functions such that voltage pulses can
change their resistance (and hence their memory state) in a nonvolatile manner, are beginning

to be implemented in integrated circuits for memory applications. However, memristive devices could
have applications in many other technologies, such as non-von Neumann in-memory computing in
crossbar arrays, random number generation for data security, and radio-frequency switches for mobile
communications. Progress toward the integration of memristive devices in commercial solid-state
electronic circuits and other potential applications will depend on performance and reliability challenges

that still need to be addressed, as described here.

ach individual electronic device in an

integrated circuit (IC)—such as resis-

tors, capacitors, inductors, transistors, or

diodes—controls the transport of charge

carriers (electrons and holes) in a specific
manner. Circuits based on these devices en-
able complex operations such as filtering,
amplification, multiplexing, encoding, and
storage (I). Early IC technology focused en-
tirely on computation, with transistors per-
forming switching functions and memory
located off the chip. Modern ICs avoid the
delays of remote memory for many functions
with the addition of computing devices on-
memory or near memory, such as floating-
gate transistor nonvolatile (Flash) memories
or charge-based volatile dynamic random-
access memories (DRAMs) and static RAMs
(SRAMs) that combine a capacitor and a tran-
sistor (Fig. 1, A to C) (2).

Memristive devices (often referred to as
memristors or resistive switching devices)
combine a resistor with memory functions
(3, 4). Several scientists think that the mem-
ristor, as initially defined by Chua in 1971 (5),
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has still never been realized (3). The use of
resistive switching is more widely accepted,
but it cannot fully capture the nonvolatile
memory effect (i.e., the channel of a transistor
also shows resistive switching when bias is
applied, but it has no memory). We consider
“memristive device” to be the most appropriate
term for a device that behaves like a resistor
with memory. Voltage pulses can change the
resistance of the device, and the states are
preserved without applying power (4). Such
a programmable memory effect may help
to enhance the performance of modern ICs,
especially at the intersection of NAND Flash
(used mainly in solid-state drives) and DRAM
(used by microprocessors of computers to
store data and program code when running
software). When used in computers and
phones, it would eliminate boot-up, reduce
power consumption, and avoid loss of data
when power fails.

Several physical effects in a variety of mate-
rials platforms have been explored for the im-
plementation of memristive devices, including
phase-change materials, metal oxides, mag-
netic materials, ferroelectric materials, carbon
nanotubes, two-dimensional (2D) layered mate-
rials, polymeric and biological systems, and
self-directing channels. State-of-the-art imple-
mentations have been based on metal/insulator/
metal (MIM) nanocells, each of them with a
lateral size as small as 10 nm x 10 nm (6),
and have been intended mainly for use as
memory in complementary metal-oxide semi-
conductor (CMOS) circuits. For example,
in 2006, Freescale started to commercialize
the first memristive product, a 4-megabit (Mb)
nonvolatile memory (NVM) based on magnetic
materials (7); in 2012, Panasonic launched a
microcontroller with embedded memristive

NVM made of metal-oxide materials (8); and
in 2015, Intel and Micron started to com-
mercialize a memristive persistent memory
(akind of memory placed in the memory bus
for enhanced speed) based on phase-change
MIM nanocells (9, 10). Expansion of the seg-
ment of the memory market occupied by
memristive devices is still limited by their
cost, and more research is necessary to make
them competitive alternatives.

The other main opportunity area for mem-
ristive devices stems from a non-von Neumann
computing approach, in-memory computing
(IMC), in which two or more programmable
memory states are used. Typically implemented
as crossbar arrays of vertical MIM nanocells,
memristive devices can perform logical opera-
tions or complex tasks such as matrix multi-
plication, where multiple inputs (such as a
set of numbers representing a vector) simulta-
neously are transformed into an output vector
(11, 12). The latter can also be exploited in deep
neural networks (DNNs) and can execute com-
putational tasks such as image and character
recognition (i.e., artificial intelligence, or AI).
The IMC approach can expend much less power
than digital computation of the same opera-
tions and could have applications in areas such
as robotics and Internet of Things (IoT). Other
applications of memristive devices include data
encryption (13, 14) and radio-frequency (RF)
operations for mobile communications (15, 16).
We review the recent progress of the most
relevant memristive technologies and describe
the main prospects and challenges to over-
come if memristive devices are to be imple-
mented in commercial ICs and in new device
platforms.

Fundamental memristive effects

Memristive effects have been observed in
devices with different structure and materials
composition. Among them, two-terminal MIM
nanocells (Fig. 1E) have attracted the most
interest because of their good performance,
simple fabrication, and high integration den-
sity in 2D or 3D crossbar arrays. In MIM nano-
cells, the electrical resistance of the insulator
can be adjusted to two or more states by ap-
plying electrical stresses between the metallic
electrodes (4). Memristive effects have been
reported in MIM nanocells made of many dif-
ferent materials (17-20) and often result from
atomic rearrangements induced by electrical
fields or thermal effects that create conductive
regions in an insulator or semiconductor, or
contrariwise, return these regions to the orig-
inal state (21).

In most studies, the quality of the memristive
effect has been evaluated and compared by
measuring the figures of merit of electronic
memories, which include switching voltages,
times, and energy as well as switching endu-
rance and memory-state retention time (17, 22).
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Fig. 1. Cell structure of the mainstream memories compared to memristive
devices. (A to D) Three-dimensional schematics of the main non-memristive
memories. Shown in (C) is the real layout of a six-transistor SRAM cell designed
using Electric VLSI Design System software, and it is reproduced from (126).
(E) Main memristive MIM nanocells and their working principles. (F and

G) Resulting cell when adding one selector/resistor or one transistor in series

to the MIM nanocell (represented as a light/dark/light gray cylinder). Such

According to these metrics, MIM-like mem-
ristive devices made of phase-change mate-
rials, metal oxides, magnetic materials, and
ferroelectric materials have exhibited the best
performance. However, in other memristive
technology applications, different figures of
merit are more important and other materials
have shown even better performance. For ex-
ample, the memristive devices made of 2D mate-
rials (such as hexagonal boron nitride, or h-BN)
can process terahertz signals for RF devices (23).

Chalcogen-rich alloys such as Ge,Sbh,Te; and
Ag;In;SbgyTes, can undergo a phase transition
from a crystalline (low-resistance) to an amor-
phous (insulating) state (18). This memristive
effect is exploited in phase-change memories
(PCMs) that use rapid resistive (Joule) heating
from high write currents followed by cooling
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to change the conductance state. Memristive
devices made from metal oxides such as TaO,,
and HfO,, often referred to as resistive random-
access memories (RRAMs), can change their
electrical resistance in two different ways (4).
If the electrodes are made of metals with a
high diffusivity (such as Cu or Ag), the elec-
trical field can move metallic ions from the
electrodes into the insulator, which changes
the overall resistance of the MIM cell. How-
ever, if the electrodes are metals with low dif-
fusivity (such as Pt or W), the electrical field can
only move the O ions within the metal-oxide
insulator, leaving behind metallic atoms with
dangling bonds that can enable electron flow.

In memristive devices made of magnetic
materials (magnetoresistive random-access
memory, or MRAM), the external electrical

Read word

FeFET

Bit line

Word line

Access transistor

configurations are referred to as one-selector-one-memristor (1SIM), one-resistor-
one-memristor (IRIM), and one-transistor-one-memristor (1TIM). Note that
several works in the literature use the term 1T1R to refer to one-transistor-one-RRAM,
i.e., the MIM nanocell (made of metal oxide and named RRAM) is referred to with
the letter “R"; we did not use this notation here to avoid confusion. (H to J) Main
memory cells derived from the magnetic tunnel junction. (K) Ferroelectric FET,
showing that the ferroelectric material is integrated directly on the conductive channel.

stress produces a change in the polarization of
a magnetic tunnel junction (MTJ). In a MTJ,
two magnetic layers, which could be Fe, Co,
or CoFeB, are separated for a few nanometers
by an insulator (such as MgO or Al,O3). One
of the magnetic layers has a pinned magnetic
state (the spin of the electrons cannot change),
and when electrical stresses of different polar-
ities are applied the magnetic state of the other
(free) magnetic layer, it can change its direc-
tion (parallel or antiparallel with respect to the
pinned one). This produces a net change of the
out-of-plane resistance of the MTJ because
electrons are more likely to tunnel across the
insulator when both magnetic states have par-
allel orientation (19). This effect was first
implemented in spin-transfer torque MRAM
(STT-MRAM), which uses electrons with aligned
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spins to torque the magnetic domains (con-
suming less power), and later in spin-orbit
torque MRAM (SOT-MRAM), which is similar
to STT-MRAM but with an additional adjacent
metal line used to write the memory levels of
the device (19). The MTJ in SOT-MRAM is not
exposed to the write current, which provides
almost unlimited endurance, but as it is a three-
terminal device, its integration into crossbar
arrays is more complex (Fig. 1, H to J).

Memristive devices can also be fabricated by
placing a ferroelectric insulator a few nano-
meters thick [such as Pb(Zr,Ti)O; or BaTiO;]
between two electrodes (such as Pt, Co, or
Lag 7St 3MnO3) (20). The ferroelectric insu-
lator is formed by crystalline unit cells that
act as dipoles, and its orientation can be con-
trolled depending on the external bias applied.
For each dipole orientation the transmission
coefficient across the insulator is different,
and therefore the out-of-plane resistance can
be tuned (4). This type of cell, known as ferro-
electric tunnel junction (FTJ), is especially
attractive because the quantum tunneling
current used to write the device is very low,
reducing the overall power consumption. FTJ
should not be confused with ferroelectric ran-
dom access memory (FeRAM), a device that
uses a ferroelectric capacitor for nonvolatile
data storage (Fig. 1D) and in which any read-
out mechanism would be more complex and
destructive—hence, FeRAM is not a memristive
device. The ferroelectric material can also be
integrated between the semiconductor channel
and the gate electrode of a field-effect transistor
to form a three-terminal memristive device
(often referred to as ferroelectric field-effect
transistor or FeFET), which enables modula-
tion of the channel conductivity by changing
the orientation and magnitude of the ferro-
electric polarization, leading to a large num-
ber of possible channel conductance levels
(Fig. 1K).

Controlling the current across two-terminal
memristive MIM nanocells to fulfill the spec-
ifications of commercial ICs can be very chal-
lenging. For individual devices, avalanche
currents could appear during write operation
(often referred to as overshoot) caused by self-
accelerated thermal effects associated with the
flow of current, which may introduce irrevers-
ible atomic rearrangements in the metal or
insulating films (or both) that trigger the
failure of the device. At an integration level,
the presence of numerous memristive MIM
nanocells in crossbar arrays can create interfer-
ence between them. This effect, often referred
to as sneak path current, can result in unin-
tended state writing and reading in a nearby
device when another is being addressed.

For these reasons, commercial ICs exploit-
ing memristive devices often integrate an ad-
ditional element in series to the memristive
MIM nanocell (4), such as one transistor, one

Lanza et al., Science 376, eabj9979 (2022)

3 June 2022

selector, or one resistor. Although the selector
and the resistor are also two-terminal devices
that can be integrated on top of the memristive
MIM nanocell so that no additional area is
consumed on a chip (see Fig. 1F for a simple
example of vertical integration), the integra-
tion of a three-terminal transistor (Fig. 1G)
remarkably increases the complexity and re-
duces the integration density of the entire cir-
cuit. Even though transistors can be very small,
the real lateral size of the smallest transistors
(in the 5-nm node) is actually ~20 nm (24),
which is larger than the minimum size of
state-of-the-art memristive MIM nanocells with
acceptable performance: 10 nm (6). Academic
groups have published observations of the
memristive effect in even smaller structures
with lateral sizes down to 2 nm (25) and even in
one single atom (26), but in such reports the
endurance was always very limited (<100 cy-
cles), the yield was low (<50%), and the var-
iability was high (not quantified).

Moreover, the transistors used to enable and
disable MIM-like memristive nanocells in a
crossbar array must drive high write currents
(often >1 pA), which implies making them
much bigger than the MIM nanocell itself.
Some designs allow placing the crossbar array
of memristive MIM nanocells directly above
other necessary peripheral hardware to max-
imize integration density. Some memristive
devices consist of a MIM nanocell with a
third electrode adjacent to the insulator to
provide an additional degree of control over
the flow of electrons in a more compact man-
ner (27). Nonetheless, for some memristive
technologies, such as data encryption and
mobile communication, ultrahigh integration
density may not be required. Therefore, rather
than limiting this review to any specific de-
vice structure, we highlight the studies that
achieved the highest performance without
regard to which memristive structure was used.
For each memristive technology, we spotlight
the performance of commercial devices (if
any) and discard those studies in which per-
formance claims have not been supported by
sufficient data.

Two-state memristive memories

Memristive devices exhibiting two stable resist-
ive states, a high resistive state (HRS) and a low
resistive state (LRS), can be used to emulate the
ones and zeros of the binary code, and there-
fore can be used to build NVMs. However,
commercial NVMs must fulfill very stringent
requirements for integration with current ICs.
Among these requirements are integration
densities up to 1 gigabyte (GB)/mm?, writing
voltages <3 V, switching energy <10 pJ, switching
time <10 ns, writing endurance >10™ cycles,
HRS/LRS resistance ratio >10, and small
resistance fluctuations over time if no bias
is applied (<10% for >10 years are preferred)

(22). Some memristive devices have fulfilled
such stringent criteria, but their manufacturing
costs are orders of magnitude higher than that
of the mainstream NVMs, such as the NAND
Flash. Although the structure of a memristive
MIM nanocell is simple, the manufacturing
cost increases resulting from the need of ad-
ditional elements (series transistor, selector, or
resistor) and, even more importantly, because
of the custom back-end-of-line (BEOL) inter-
connections outside the standard processing
needed for CMOS transistors. Thus, the mar-
ket segment occupied by memristive NVMs
is still very small. As of 2021, they represent
0.5% of the ~$127 billion memory market (28).
Table 1 presents a comparison of the per-
formance of the mainstream versus mem-
ristive NVMs.

PCM is well understood in terms of device
physics and manufacturability. In 2020, 90%
of memristive NVMs commercialized were
PCM (28). The main assets of PCM are high
scalability (<10 nm) and low programming
voltage (<3 V). The 3D XPoint technology
developed by Intel/Micron (9, 10) connects
the PCM with an amorphous selector. For a
minimum lateral feature size F, it is the only
technology that has achieved a 4F? cell
size, and layer-by-layer stacking can further
boost density. Dual in-line memory mod-
ules (DIMMs) with up to 512 GB of storage
are offered. This maximum value doubles
the density of current DRAM-based DIMM
with lower cost.

The write speed of commercial PCMs (be-
tween 50 and 100 ns) is much longer than in
other memristive NVMs because of the long
crystallization process, and PCM shows limited
endurance of 107 cycles (29). Nonetheless, PCM
can expand the memory capacity of a system
and reduce the amount of DRAM while main-
taining high bandwidth, and can potentially
reduce energy consumption and overall cost.
As of 2020, Intel/Micron’s PCMs are being
used by multiple companies as persistent
memory, which is placed in the memory bus
for enhanced speed. ST-Microelectronics is
qualifying PCMs for automotive applications
such as microcontrollers for driver assistance
systems, secure gateways, powertrain systems,
and vehicle electrification (30).

PCMs require a high write current to produce
sufficient Joule heating to melt the chalcogen-
rich alloy. Although the programming current
scales with device dimension, ~10 pJ is still
required for switching a device with a lateral
size of ~400 nm?, which is two orders of mag-
nitude higher than other memristive NVMs
and three orders higher than DRAM (31).
PCM shows inherent variability of switching
voltages, times, and energies, as well as state
resistances from one cycle to another and from
one device to another, because the program-
ming is based on atomic rearrangements.
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Table 1. Comparison of the best performances of commercial stand-alone memories in 2021. Only stand-alone products are considered because
estimating the density, performance, and cost of memristive devices embedded in other circuits may be challenging and inaccurate (such data are often
intellectual property and are therefore not disclosed). Prototype chips with better values may have been demonstrated elsewhere but are not being
commercialized as stand-alone products (because they are embedded or because they may still not fulfill industrial reliability requirements of stand-alone
memories). “L" is the number of layers in a three-dimensional configuration; “F" is the minimum lithography feature size. The data are extracted from (28).
The array energy is a relative estimation of the energy cost compared to the other types of memories. The applications list is nonexhaustive.

NAND Flash NOR Flash DRAM FeRAM PCM RRAM STT-MRAM
Cell area 4/176L F? 6to 30 F2 6to 8 F? 6to 30 F2 4/41 F 6to 30 F2 6to 30 F?
Bits per die 1Tb 2 Gb 16 Gb 8 Mb 256 Gb 8 Mb 1Gb
Retention >10 years >10 years 50 ms >10 years >10 years >10 years >10 years
Endurance ~10% cycles ~10° cycles ~10* cycles ~10® cycles  ~107 cycles ~10° cycles ~10® cycles
Read time ~100 ps ~100 us ~10 ns 10 to 100 ns 10 to 100 ns ~100 ns ~10 ns
Write time ~10 ps 10 to 100 ns ~10 ns 10 to 100 ns 10 to 100 ns ~100 ns ~10 ns
Cell energy ~10 fJ ~100 pJ ~10 fJ ~0.1pJ ~10 pJ ~0.1pJ ~0.1pJ
Array energy High High High Low Medium Medium Medium/low
2021 price $0.014/Gb ~$10/Gb $0.50/Gb >$1000/Gb <$0.30/Gb ~$1000/Gb $40 to 70/Gb
Main application ~ Mass storage Code execution,  Computer and loT, robotics, Persistent memory ~ Low-power, FPGA controllers,

(USB, SSD) data storage data memory computing and DIMM low-density medical tools
(run software) loT/ASICs

Another concern is device reliability, includ-
ing the spontaneous resistance drift over time
arising from the structural relaxation of the
amorphous phase and thermal cross-talk be-
tween adjacent cells when scaled to smaller,
denser device arrays.

RRAM has demonstrated fast speed (<10 ns),
large HRS/LRS resistance ratios (>100), low
switching energy (<0.1 pJ), and high scalabil-
ity. Fujitsu commercializes low-power 8-Mb
stand-alone RRAM chips that can operate at
1.6 V with an average read current of 0.15 mA,
which makes them suitable for different appli-
cations within the IoT, such as smart watches
and glasses and hearing aids (32). Sandisk/
Toshiba reported the development of stand-
alone RRAM memory chips with a much higher
integration density up to 32 GB (using 24-nm-
node technology), where the CMOS-compatible
RRAM fabrication process allows controllers
and selectors to be located directly under the
crossbar arrays (33). However, such high-density
RRAM developments are still at the prototype
stage and have not been commercialized.

Embedded RRAM solutions targeting system-
on-chip applications have been provided by
several companies. Intel has produced TaO,-
based 7.2-MB embedded RRAM with 22-nm-
node FinFET (a field-effect transistor in which
a double gate wraps around a fin-shaped
source-drain contact) and low-power techno-
logy (leakage current of <1 pA per cell when
used to build a six-transistor SRAM), showing
10 years of retention at 85°C and endurance
of 10* cycles (34). TSMC has developed em-
bedded RRAM at 22- and 40-nm nodes (35, 36).
Three-dimensional RRAM structures have been
investigated as a way to further increase storage
density. For example, an eight-layer TiN/HfO,/
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TaO,/Ti/TiN/W RRAM cell was fabricated by
stacking eight electrode/insulation layers, etch-
ing vertical holes through the layers, and cov-
ering the holes with switching medium and
electrode (37). RRAMs can be switched with
write energy down to ~0.1 pJ (5, 38).
During switching, the formation and rup-
ture of a conductive nanofilament across the
MIM nanocell are typically thermally assisted,
which exponentially accelerates the migration
of the active species (39). This process in turn
can cause mechanical damage to the film in
the form of plastic deformation, which results
in unwanted and uncontrollable variations of
switching voltages and state resistances. Such
variations may be aggravated as operation
proceeds, resulting in device failure (40). Some
studies reported high switching endurances
as high as >10'° cycles, although the real en-
durance of RRAM (as well as PCM) is a matter
of controversy because many studies used un-
reliable characterization methods that present
very few data points (40). Maximum endur-
ances between 10° and 107 cycles are the most
repeated (by different groups), but these are
still insufficient and are hindering the use of
RRAM as mainstream NVM. For a commercial
single-level cell RRAM device, the reported
endurance is >10,000 cycles and the resistance
ratio ranges from 2 to 10 (47) for megabit-level
array dimension. During the retention-after-
cycling test, the experimental read window
is ~7 pA after 10,000 cycles of set and reset
operations (42). Approaches that can guide the
active ionic species during filament growth,
such as local doping, nanopore formation, ge-
ometry optimization, and defect engineering
(among others), need to be actively investigated
to minimize the stochastic behavior (43, 44).

MRAM has attracted intense interest since
the early 2000s, and products that target a
wide range of applications are being commer-
cialized, such as microcontrollers and watches.
In general, trade-offs between write speed,
endurance, and retention can be tuned to
satisfy different application requirements.
For NOR Flash-like applications, better re-
tention (>10 years) is desired while energy
consumption can be relaxed to ~100 pJ per
transition. In this case, a material with a
higher energy barrier can be used to enhance
robustness to thermal disturbance, at a cost
of higher writing energy. STT-MRAM, which
offers better scalability and endurance (~10'%)
than NOR Flash, has been demonstrated by
several companies as embedded NVM at 22- or
28-nm nodes (45, 46). It also features smaller
cell size and nonvolatility relative to SRAM,
although the speed and endurance are slightly
worse (~10 ns and ~10%° cycles for MRAM
versus ~1 ns and ~10'® cycles for SRAM).

Stand-alone memory chips have been pro-
duced to replace battery-backed SRAM or
DRAM; they do not need to periodically re-
fresh, so they can consume much less energy.
STT-MRAM has the potential to replace SRAM
in applications where performance can be
relaxed for lower cost and lower energy con-
sumption, such as mobile devices or I0T. Sce-
narios such as the last-level cache (a type of
ultrafast memory between the RAM and the
central processing unit that serves as a syn-
chronizing buffer) have also been proposed
with optimized materials that can achieve
write speed as fast as 4 ns for the 14-nm node
(47). The low HRS/LRS resistance ratio in
MRAM (~2) also complicates the design of
sensing circuitry. Finally, MRAM typically
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involves complex stacks with 20 to 30 dif-
ferent metal and insulating layers, where the
deposition and etching of this stack must be
precisely controlled to ensure functionality
and performance.

The development of FTJs and FeFETs is
relatively recent and has yet to be commer-
cialized. Initial studies have focused on single
devices or small arrays, and array-scale char-
acterization is still lacking (48). FTJ shows
promising properties for applications that
require low energy consumption, including
low write energy (~0.1 pJ) and long reten-
tion (~10 years). Challenges facing FTJ in-
clude low switching speed and endurance
relative to other NVMs. In an effort to increase
the switching speed, an optimized Ag/BaTiOs/
Nb:SrTiO4 stack was investigated as a means
of achieving electric field-driven polarization
reversal in the ferroelectric layer, leading to
a switching time of 0.6 ns and lower switch-
ing energy (estimated to be 500 aJ per bit if
the memristive MIM nanocell were 50 nm
wide) (49). The highest endurance of FTJs
(~107 cycles) was reported in HfZrO-based FTJ
(50). Global Foundries have recently demon-
strated FeFET using a 28-nm CMOS technology
(51) as well as a 22-nm fully depleted silicon-
on-insulator process (52), but the endurance
was only ~10° cycles. New ferroelectric nano-
materials, such as 2D layered ferroelectric
materials, are being investigated for NVM appli-
cations (53), but such activities are still being
conducted exclusively by academics and are
in a very early stage. Non-memristive FeRAM
started to be commercialized by Samsung in
1996, and state-of-the-art devices offer very
high endurance (~10% cycles), high switching
speed (~10 ns), long data retention (>10 years),
and low power consumption (~0.1 pJ). However,
its scalability is limited to a maximum storage
capacity of few (~8) MB per die, which has lim-
ited its market size to ~$315 million in 2020
(<0.5% among all stand-alone memories) (28).

Some memristive devices exhibiting more
than two stable resistive states have been
proposed for multilevel NVMs, which would
remarkably enhance the integration density
because each MIM cell could store multiple
data bits. PCM and RRAM possess higher
HRS/LRS resistance ratios (>100) than MRAM
(~2) and FTJ/FeFET (<100); therefore, they
might support multilevel storage through
write-and-verify schemes. However, the high
variability of the state currents from one
programming cycle to another and from one
device to another make it very difficult to
reliably identify each state.

Advanced computation with
memristive devices

By exploiting the physical attributes of mem-
ristive devices and their array-level organi-
zation, it is also possible to perform certain
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computational tasks in the memory itself
without the need to shuttle data between the
memory and processing units. This IMC com-
putational paradigm is finding a range of
applications including scientific computing
and deep learning (11, 12). Memristive devices
exhibiting two or more stable states can per-
form in-memory arithmetic operations such
as matrix-vector multiplication (MVM). For
example, to perform the operation Ax = b, the
elements of matrix A are mapped linearly to
the conductance values of memristive devices
organized in a crossbar configuration. The
values of the input vector x are mapped lin-
early to the amplitudes (durations) of read
voltages and are applied to the crossbar along
the rows. The resulting current (charge) mea-
sured along the columns of the array will be
proportional to the result of the computation,
b. Yet another attribute exploited for com-
putation is accumulative behavior, whereby
the device conductance progressively increases
or decreases with the successive application
of programming pulses, which enables tuning
of the synaptic weights of a machine learning
model during training.

As shown in Fig. 2A, an IMC engine would
ideally comprise a network of IMC cores, each
of which would perform a MVM primitive
along with some light digital postprocessing.
Each IMC core comprises a crossbar array of
memristive devices along with the bit-line
drivers, analog-to-digital (ADC) converters,
modest custom digital compute units to
postprocess the raw ADC outputs, local con-
trollers, transceivers, and receivers. Figure
2B presents the evolution of silicon-verified
memristive IMC cores published in recent
years.

In a DNN implemented with a standard
von Neumann (CMOS) architecture, millions
of synaptic weights are shuttled between
memory and processor during deep learning
inference and training, which consumes con-
siderable energy and time. Recent studies
have suggested that a DNN can be mapped
onto multiple IMC cores that communicate
with each other (54). The MVM operation
corresponding to the realization of each DNN
layer is performed in-memory, as described
earlier. The results are then passed through a
nonlinear activation function and input to the
next layer. The nonlinear activation function is
typically implemented at the core periphery,
using analog or digital circuits, although recent
studies proposed that memristive devices ex-
hibiting highly nonlinear volatile switching
could also perform that task (55).

Chips targeting DNN inference with IMC
using memristive devices have been fabricated
using RRAM (41, 56), PCM (57, 58), and MRAM
(59, 60). Usually, at least two devices per weight
in a differential configuration are used to im-
plement signed weights. The state-of-the-art

experimental demonstrations of DNN infer-
ence based on IMC have reported a compet-
itive energy efficiency of more than 10 trillion
operations per second per watt (TOPS/W) for
MVMs (see Table 2). However, a critical aspect
for IMC implementations is the custom offline
training and/or on-chip retraining of the net-
work needed to mitigate the effects of stuck-at
devices, device noise, and circuit level non-
ideality on network accuracy (61). It could also
be possible to train the network entirely on-
chip such that all the hardware nonidealities
would be included as constraints during train-
ing. However, device-related challenges to
performing precise weight updates need to
be identified and overcome to obtain software-
equivalent training accuracy with this ap-
proach (62). Another important research topic
is the design of efficient intra- and interlayer
pipelines such that all the cores on the chip
are always active during inference, together
with flexible core-to-core communication and
control (63).

Another application domain for IMC in
deep learning is spiking neural networks
(SNNs). SNNs are neural networks that ex-
hibit spatiotemporally sparse communication
via spikes and are thus more biologically
plausible than analog-valued communica-
tions. Moreover, neurons and synapses could
have additional internal dynamics. SNNs offer
great opportunities for local on-chip learning,
exploiting temporal codes, and working with
new types of event-based sensors. Memristive
devices such as PCM (64) and RRAM (65) have
been proposed to be integrated as part of the
synapse and neuron circuits in a hardware
SNN. Most of the early efforts have focused
on implementing unsupervised learning with
local learning rules with these devices. For
example, spike timing-dependent plasticity
(STDP), which adjusts a synaptic weight accord-
ing to the relative timing between its output
and input neuron spikes, can be implemented
by applying multiple overlapping programming
pulses to the devices (64, 65). However, it is
generally difficult to use STDP learning rules
to reach the accuracy of conventional DNNs
trained with back-propagation (66). There-
fore, recent efforts have instead relied on
converting a previously trained nonspiking
DNN to an SNN (66), which is then imple-
mented on memristive IMC hardware for
inference (67). With the incorporation of ad-
ditional bioinspired neuronal and synaptic dy-
namics, SNNs could potentially outperform
conventional deep learning in certain applica-
tion domains, and memristive devices could
be exploited to natively implement such dy-
namics (68).

Recently, IMC has also been used to realize
associative memory, which is an essential
component of several machine learning algo-
rithms. An associative memory compares input
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consideration as well. The unit cells comprise one or more field-effect transistors and memristive devices storing binary or analog information. A noteworthy
innovation that led to higher IMC core energy efficiency is the use of hybrid analog-digital readout circuits for MVM digitization, instead of purely analog readout
schemes for which the signal margin decreases significantly with an increase in IN-W precision and the number of accumulations. Hybrid readout was first used in
2020 (130) and later in the 2021 cores, which led to a notable increase in energy efficiency.

search data with the data stored in it and finds
the data entry with the closest match to the
input data (69). This function can be realized
by a content-addressable memory (CAM),
which can be implemented with in-memory
operations on memristive devices to reduce
area and power consumption relative to tra-
ditional digital CAMs (69). However, although
a conventional CAM finds an exact match be-
tween the input and stored data, it cannot
compute the degree of match for each data
entry with high precision (70). This limi-
tation can be avoided by encoding the stored
data directly in a crossbar array and computing,
in parallel with IMC, the Hamming distances
of each stored data vector with the input
search data vector through in-memory dot
products (71). This soft-reading type of as-
sociative memory search capability is used
in several learning frameworks, such as
hyperdimensional computing (77) and memory-
augmented neural networks (72). Other
applications that can leverage the lookup-
table aspect of associative memory include
tree-based models, finite-state machines,

Lanza et al., Science 376, eabj9979 (2022)

and pattern matching for genome sequenc-
ing (69, 73).

Memristive IMC has also found applications
in scientific computing. A prominent exam-
ple is solving systems of linear equations (74),
which can be used in a wide range of applica-
tions such as regression (75) and solving par-
tial differential equations (76). One way to
realize an accurate linear solver is to use the
fast but imprecise MVM through IMC in an
iterative linear solver, obtain an approximate
solution, and then refine this solution based on
the residual error calculated precisely through
digital computing (74). At the system level,
energy savings of as much as a factor of 6.8
were demonstrated with this method on large
linear systems (>10,000 equations) relative
to digital-only solutions. Nonetheless, the
precision of the MVM performed with IMC
ultimately prevents its application to ill-
conditioned problems (when a small change
in the input leads to a large change in the
answer, which makes the solution to the equa-
tion hard to find) (74). Research avenues to
increase MVM precision through bit slicing

3 June 2022

could enlarge the application space of IMC
to also cover applications in scientific com-
puting where high computational accuracy
is required (77).

Another promising application of IMC is
for combinatorial optimization problems,
such as the traveling salesman problem, graph
partitioning, Boolean satisfiability, and integer
linear programming. Boltzmann machines
and Hopfield networks have been proposed
to address these computationally intensive,
typically nondeterministic polynomial-time
hard problems (78, 79). IMC can be used to
efficiently compute the inner products as-
sociated with these networks. Moreover, to
achieve proper convergence, the native device
noise injected in those inner products can be
exploited as an explicit source of noise to
force the network to continuously explore the
solution space (80, 81). An alternate approach
to efficient search for solutions of combi-
natorial optimization problems includes the
use of dynamics of networks of coupled non-
linear analog oscillators realized using mem-
ristive devices (82).
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Table 2. State-of-the-art inference demonstrations with in-memory computing. Chip-level experimental demonstrations of neural network inference
based on in-memory computing and comparison with one chip of a digital CMOS accelerator. Target values of these systems are application-specific; in
general, maximization of the memory size, precision, energy, and area efficiency are desired.

Device PCM PCM RRAM MRAM SRAM SRAM Digital CMOS
CMOS technology 14 nm 40 nm 22 nm 22 nm 16 nm 28 nm 16 nm
Memory size 65.5K cells 2M cells 4 Mb 128 kb 4.5 Mb 1 Mb 5 Mb
Input/weight/ 8b/analog/8b  8b/8b/19b 8b/8b/14b 1b/1b/4b 4b/4b/8b 8b/8b/22b 8b/8b/8b
output precision
Network MLP/ResNet-9  ResNet-20 ResNet-20 6-layer CNN VGG ResNet-20 ResNet-50
Dataset MNIST CIFAR-10 CIFAR-10 CIFAR-10 CIFAR-10 CIFAR-10 ImageNet
CIFAR-10 CIFAR-100 CIFAR-100 CIFAR-100
Accuracy 98.3% 91.89% 92.01% 90.1% 91.5% 92.08% No accuracy loss
85.6% 67.53% 67.17% 67.81%
Energy efficiency 10.5 TOPS/W 20.5 TOPS/W  15.6 TOPS/W 51TOPS/W 121 TOPS/W 27.75 TOPS/W  0.96 TOPS/W
with max precision
Energy efficiency 336 TOPS/W 1312 TOPS/W  998.4 TOPS/W 51 TOPS/W 1936 TOPS/W 1776 TOPS/W  61.44 TOPS/W
(normalized to 1bIN-1bW)
Area efficiency 1.59 TOPS/ 0.026 TOPS/  0.005 TOPS/ 0.758 TOPS/  2.67 TOPS/ 0.1 TOPS/ 1.29 TOPS/
with max precision mm? mm? mm? mm? mm? mm? mm?
Area efficiency (normalized ~ 50.88 TOPS/ 1.664 TOPS/  0.32 TOPS/ 0.758 TOPS/  42.72 TOPS/ 6.4 TOPS/ 82.56 TOPS/
to 1bIN-1bW) mm? mm? mm? mm? mm? mm? mm?
Reference 57) (133) (41) (59) (86) (134) (135)

Memristive devices could also be used to
implement a physical reservoir for reservoir
computing, where the collective dynamics of
an ensemble of such devices is used to per-
form certain machine learning tasks. For
example, in (83), the use of a collection of
tungsten oxide memristive devices was pro-
posed to classify spoken digits. In (84), the
authors used a reservoir of 1 million PCM
devices and exploited their crystallization
dynamics to classify binary random processes
into correlated and uncorrelated classes. A
reservoir of perovskite halide-based dynamic
memristive devices was used to analyze neural
signals in real time (85).

Besides memristive devices, IMC can also be
realized with SRAM-based compute elements,
recent demonstrations of which have shown
impressive energy efficiency (86). However,
with the potential for substantially smaller
areal footprint and even 3D integration,
memristive IMC is expected to have a sub-
stantial density advantage even at very ad-
vanced CMOS nodes (87). Additionally, the
nonvolatility of memristive devices enables
power cycling without reloading the operands
from an external memory. There is also an
emerging trend of information processing
increasingly transitioning to the edge (as
opposed to the data centers) and even to the
end device (mobile devices and home assistants),
driven by the cost of transmitting data and
by privacy concerns. “Always on” computing
systems, which operate at very low energy per
area footprint, are ideal for these applications.
Memristive devices may also play a key role in
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this space both for memory and computing
applications (88).

Memrristive devices for security applications

The intrinsic variability of the switching volt-
ages, times, and energies of memristive de-
vices from one cycle to another, as well as the
fluctuations of their state resistance over time,
could be used to generate unpredictable strings
of bits, which are essential in user cryptographic
systems (Fig. 3). One example is true random
number generators (TRNGs), which are used
daily by most electronic systems to generate
unpredictable codes, such as the one-time
passwords sent by banks to our phones when
making online payments (Fig. 3A). Another
example is physical unclonable functions
(PUFs), a type of circuit that generates a unique
string of bits that serves as a fingerprint for
device identification, which could be integrated
in any object if the power consumption is very
low or if the circuit is self-powered (Fig. 3B).
Unpredictable strings of bits are not gener-
ated through software because they could
be easily attacked (89), and this limitation
represents a huge opportunity and market
for memristive devices.

State-of-the-art TRNGs and PUFs rely on the
intrinsic stochasticity of some physical quan-
tities available in electron devices or circuits.
In modern TRNGsS, a frequently adopted en-
tropy source is thermal noise, which can be
harvested from either a large resistor, or jitter
in ring oscillators, or the modulations it induces
in analog-to-digital converters (90-92). The
main advantages of these TRNGs are high

3 June 2022

throughput (>1 Mb/s), low-voltage operation
(0.5 V), high randomness, small size, and
good scalability. However, in these systems,
the electrical power needed to harvest the
noise is too high, and they are vulnerable to
noise and cryogenic attacks (93). Alternative
approaches rely on the metastability of flip-
flop circuits or on the time evolution of chaotic
systems. Still, they typically exhibit large power
consumption (>1 mW) (94), although low-
power systems have been recently proposed
(95). In addition, when randomness is har-
vested from an ensemble of devices as in this
case and in some digital systems, careful
minimization of process variations must be
adopted (96).

Recent studies used the cycling variability,
the intrinsic stochastic nature of the write
and erase processes, or both in memristive
devices (Fig. 3A) to design TRNGs (13, 14),
which showed promising performance (tens
of megabits per second throughput at few
picojoules of energy per bit) and the potential
to achieve ultrafast (>1 GHz) and low-energy
(few to tens of femtojoules per bit) operation.
Non-memristive FeRAM implementation was
demonstrated with off-the-shelf components
(97) but its energy efficiency can hardly be re-
duced below 1 pJ per bit, whereas memristive
FeFETs are currently limited by their insuf-
ficient endurance (98). Improvements are ob-
tained with PCM (99) and MRAM (100), with
the limiting factor being the programming
times for PCM and the high writing current
for MRAM. In all cases, complex peripheral
circuitry is required to finely tune the applied
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Fig. 3. Application of memristive devices for TRNG and PUF for encryption systems. (A) Block
diagram of a memristive TRNG system for one-time password generation used for online payments. The
polarization of memristive devices generates random fluctuations of some of its figures of merit (e.g., set
voltage, set time, state current), which can be compared with a number to produce a string of zeros

(e.g., lower) and ones (i.e., higher), with which random passwords can be generated. (B) lllustration of

an application of a memristive PUF. When a population of memristors are exposed to a specific stress
near its switching threshold (i.e., a voltage close to the average set voltage), some of these memristors
will switch to a LRS, and others will not. Predicting which ones will switch depends on the atomic structure of
each device, and therefore prediction is impossible. This can be employed to generate a digital fingerprint

that can be used to identify objects.

voltage, track the time evolution of the switch-
ing statistics, and mitigate thermal effects,
although promising results have been recently
demonstrated using MRAM (Z01). In addition,
the need of a full switching cycle to generate
each random bit reduces the overall endurance
of the TRNG circuit.

Memristive devices exhibiting volatile re-
sistive switching could be a good alternative
way to increase endurance because the atomic
rearrangements produced by the stress are
volatile (102), and also because they require
simpler processing circuitry. In addition, vola-
tile resistive switching has been observed at
much lower current ranges, which reduces the
power consumption (less than 1 uW per bit).
However, the switching delay is difficult to
reduce to below a few tens of microseconds,
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which in turn limits both the throughput
to a few tens of kilobits per second and the
energy efficiency to a few picojoules per bit.
Nonetheless, further device engineering aimed
at reducing the switching delay may make this
option appealing for self-powered devices
within IoT by bringing the throughput and
the energy efficiency into the megabit-per-
second and femtojoule-per-bit range, respectively.
The possible detrimental role of endurance
limitation and temperature variations still
needs to be elucidated.

Another possibility is to exploit random
telegraph noise (RTN), a quantum phenom-
enon related to the trapping and detrapping
of electrons in the insulating film of mem-
ristive MIM nanocells, which appears as the
abrupt switch of the measured current between

two or more values at random times (103-105).
A key advantage of RTN-based TRNGs is that
voltages as low as few millivolts are sufficient
to generate RTN at low currents (<100 nA),
which enables ultralow power levels (~1 nW,
excluding the peripheral electronics). More-
over, the dominant role of RTN over thermal
noise improves immunity to cryptographic
attacks, and device endurance and stability
are expected to be high because no atomic
rearrangements are needed to produce the
switching. However, the switching times of
TRNGs based on RTN signals observed in
memristors can be large (micro- to milli-
seconds), limiting the throughput to a few
tens of kilobits per second. Recent studies
have demonstrated how these memristive
TRNGs based on RTN can effectively be used
to drive pseudo-RNGs (high-throughput de-
terministic RNG circuits) to realize energy-
efficient, fast, hybrid TRNGs (103).

For PUFs implementations, state-of-the-art
solutions typically exploit small random-delay
differences that result from manufacturing
variations on symmetrical electrical paths on
a chip (such as arbiter PUF) or in multiple ring
oscillators (106). However, silicon-based PUFs
require a very large number of devices to
guarantee secure operation, and they are rela-
tively large both in physical implementation
and energy consumption. Moreover, they are
susceptible to side attacks—attempts to gain
information from a system’s operation (such
as changes in power consumption)—and are
not the ideal choice for exposed IoT systems.
Memory-based PUFs based on SRAM or Flash
technology do not require as many devices, are
faster, and consume less energy. However,
SRAM-based designs are also vulnerable to
side attacks because the amount of thermal
energy released when the cell settles to a
stable state (randomly chosen between logic O
or 1) upon power-up depends on the final state
and can be measured from the outside (107).

Flash-based designs are slow, energy-
intensive, and require large voltages (up to
15 V), which makes them unsuitable for IoT
applications. Conversely, memristive devices
offer a CMOS-compatible, fast, low-power
alternative to Flash-based PUFs but keep the
same fingerprint generation scheme. Mem-
ristive PUFs are normally implemented using
a crossbar array of memristive MIM nanocells.
Then, a voltage pulse is applied with amplitude
and width that correspond to a 50% switching
probability, thereby generating a random pat-
tern of written and erased cells (Fig. 3B). Alter-
natively, the leakage current through each
erased cell is directly compared against a
threshold to generate a random bit. This ap-
proach has been validated on MRAM arrays
(108), which guarantee high speed, as well
as on ferroelectric devices (109, 110) that in-
herently show better energy efficiency, with
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intermediate performance achieved by using
PCM (111). All realizations showed good resil-
ience to cryptographic attacks, decent temper-
ature stability, and resistance against supply
voltage variations. Finally, in (712), the authors
demonstrated a PUF implementation using a
crossbar array of TaO,-based RRAM devices
and combined the inherent variability of the
set voltage with a robust ternary and com-
plementary programming paradigm. This
approach guarantees resilience to side at-
tacks by means of complementary program-
ming, requiring low voltages (<2 V), low
programming (few picojoules per bit), and
low reading energy (<1 pJ/bit) at high speed
(few nanoseconds of cycling) and low error
rate (<1 part per million).

Memristive devices for 5G and
terahertz switches

Memristive devices exhibiting two stable re-
sistive states may also be used as RF switches—
that is, passive critical components needed
to route or reconfigure high-frequency signals
through communication channels in wireless
systems (15, 22, 113). Modern wireless systems
contain a massive number of communication
channels over a wide range of frequencies
into the terahertz (THz) regime in order to
transmit multimedia data at rates of up to
10 Gb/s for 5G networks and 100 Gb/s for
the evolving 6G standard (23, 114). Silicon
transistors, operating in the ON and OFF elec-
tronic states, are currently the main technol-
ogy used for RF switches, primarily because of
their advantages of chip integration and cost

Fig. 4. Memristive radio- A
frequency switches.

(A) Schematic symbol of an
RF switch, which can be
represented by the circuit
schematic consisting of
Ron and COFF when the
switch is in the ON and OFF
states, respectively. (B and
C) Simplified device
structures of 3-terminal c
PCM, and 2D h-BN RF

switches. (D) Scattering
parameters of a high- {
performance 2D switch
based on monolayer

h-BN featuring Roy =

2.8 ohm, Copr = 0.44 fF,
Fc =129 THz. [Adapted
from (23)] (E) A radar
chart comparing high-
performance contemporary
PCM and 2D RF switches
along five performance

I:IN

O7<0 = RFyy 2

RI:OUT

(113). However, transistors are volatile devices
that consume energy both during switching
and when idle, and thus offer poor energy
efficiency that can substantially reduce the
battery life of mobile devices (15, 115). The
former is unavoidable as it represents work,
but the latter is wasted energy that simply
maintains the ON or OFF states.

In addition, future wireless systems such
as 6G and beyond will require switches ope-
rating at frequencies exceeding 100 GHz.
This requirement is a challenge for conven-
tional transistor devices because the ON and
OFF states, characterized primarily by ON-
resistance (Roy) and OFF-capacitance (Copg),
are directly coupled. The former determines
the extent of the signal loss in the ON state
(insertion loss), and the latter is responsible
for preventing the signal from transmitting
in the OFF state (isolation) (Fig. 4A). In high-
speed logic devices, dimensional scaling is
used to reduce device capacitances in order to
achieve higher speeds and frequencies, among
other parameters. However, dimensional down-
scaling, as implemented conventionally, con-
versely increases the channel resistance. This
trade-off constrains transistor high-frequency
prospects, defined in terms of the cutoff fre-
quency (Fg) figure-of-merit, Fe = (2nRonCorr) s
a metric particularly useful for benchmarking
switch technologies.

For these reasons, there is growing inter-
est in emerging materials that can produce
nonvolatile RF switches (15, 16). The energy
efficiency of nonvolatile switches can be bench-
marked either by direct measurement of the

Ron
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0
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~
&
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=
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switching energy or indirectly in terms of the
recently proposed energy figure of merit,
EFOM = VSETIONT» where VSET’ IONa and 1 are
the set voltage, ON current, and switching
time, respectively (23). Both RRAM and PCM
are under investigation for this noncomputing
application (15, 116), as they can both transfer
the RF signal in LRS (i.e., Rirs = Ron) and
produce a capacitance effect that blocks it in
HRS (Corr = Chrs)- However, for RRAM, Ron
is typically in the range of kilohms, in part the
result of progress in device optimization for
low-power storage and computing applica-
tions. This ON-state resistance range is too
large to meet the <10-ohm requirement for RF
switches and would result in undesirably high
insertion loss (15). Further research is required
on metal-oxide RRAM devices to achieve Roy
values of <10 ohms.

In contrast, three-terminal PCM RF switches
with an integrated heater (Fig. 4B) offer low
Ron, modest Copp, high signal power handling,
and endurance in the billions of cycles (117), so
these could be a practical alternative to CMOS
transistors for so-called sub-6 GHz 5G sys-
tems. Indeed, GeTe-based lateral PCM RF
switches have now been integrated into a
BEOL 200-mm (12-inch) wafer foundry manu-
facturing process (116, 117) and should become
increasingly available in integrated chips.
Lateral PCM RF switches incur two principal
challenges. One is the need for an integrated
microheater to trigger the material transition
between the amorphous and crystalline phases.
The microheater complicates the device BEOL
integration (116, 118), and also results in low
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metrics. In this chart, smaller numbers/pentagons represent superior performance. Two additional parameters of great interest are power handling and endurance,

with higher values indicative of superior reliability.
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switching speeds, typically in the hundreds of
nanosecond to microsecond range (15, 118).
The other challenge is the direct coupling of
Ron and Cor, an issue that also affects planar
transistor switches, hence limiting the oper-
ational frequencies to the tens of gigahertz
(15, 117). Slow switching speeds and limited-
frequency bandwidth present a challenge in
using PCM RF switches for millimeter-wave
5G or next-generation 6G systems.

Recently, nonvolatile RF switches based on
monolayer crystalline nonmetallic 2D materials
such as MoS, or h-BN (Fig. 4C) have exhibited
high F (>100 THz), fast switching time (<1 ns),
and low switching voltage (<1 V) with out-
standing insertion loss and isolation (Fig. 4D)
(23, 115, 119) and commensurately high data
rates. A defect-assisted virtual conductive
point process has been shown to decouple
Rox from Cogp, which enables straightforward
scaling to higher frequencies while maintain-
ing low insertion loss (23). The atomic length
scale (<1 nm) of conduction in 2D RF switches
affords a relatively flat insertion loss (Fig. 4D),
unlike larger micrometer-scale RF switches
characterized by noticeable frequency depen-
dence (also known as dispersion) caused by
device inductive effects at high frequencies.
With regard to energy consumption, 2D RF
switches are more than two orders of mag-
nitude more energy-efficient than emerging
switches in terms of the energy figure of merit
(23). These metrics are superior to those of
other emerging RF switches based on VO, and
microelectromechanical systems. Contempo-
rary PCM and 2D devices, the two leading
emerging RF switch technologies, are com-
pared in Fig. 4E. An important challenge of 2D
materials-based RF switches is their integra-
tion on silicon wafers, which often results in
large amounts of defects that reduce yield and
increase device variability (relative to PCM-
and RRAM-based switches), as well as their
endurance (hundreds of cycles).

Challenges and prospects

As solid-state memory, PCM is an appeal-
ing candidate to be incorporated into the
memory bus if its endurance, switching time,
and energy are improved from ~107 cycles,
~50 to 100 ns, and ~10 pJ to 10° cycles, 10 ns,
and 1 pJ, respectively. These improvements
could be achieved through device engineer-
ing such as the use of superlattice chalcogens
(e.g., [(GeTe),/(Sb,Te;),n), substrates with
low thermal conductivity and confined geom-
etries (120). RRAM may show faster switch-
ing speeds and lower energy consumption
than PCM, but endurance (~10° cycles) and
device-to-device and cycle-to-cycle variabil-
ity are still major obstacles limiting its use.
STT-MRAM could replace SRAM or embedded
DRAM if read and write challenges can be
overcome, such as by increasing switching

Lanza et al., Science 376, eabj9979 (2022)
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endurance up to ~107 cycles and ensuring
reliable state identification. Potential solutions
could involve materials that have high energy
barriers or otherwise enhance the HRS/LRS
resistance ratio, optimization of the sensing
amplifier to achieve accurate state distinc-
tion, or both (121).

Impediments to FTJ commercialization are
low CMOS compatibility and poor endurance
(~10° cycles). The first of these might be miti-
gated using orthorhombic HfO,, a material
readily used in microelectronics, but this ma-
terial results in lower HRS/LRS resistance
ratios (~2). A FeFET based on HfO, has shown
higher HRS/LRS resistance ratios of ~10° (122),
but the integration of the ferroelectric mate-
rial at the gate of the transistor is more com-
plex. A feasible alternative would be the use of
CMOS-compatible van der Waals ferroelectric
materials such as CulnP,Sg, which may enable
this value to increase to >107 (123). However,
when using this material in exploratory studies,
it is important to avoid mechanical exfoliation
when synthesizing the 2D materials to ensure
good scalability. In any case, the maximum
endurance demonstrated using this approach
is ~10* cycles, and further improvements are
necessary. The optimization of the metal-
insulator interfaces to avoid the presence of
traps (which reduce device reliability) is one of
the most important factors to consider.

The specific requirements that memristive
devices need to fulfill when used for IMC
depend highly on the application. However,
attributes such as HRS/LRS resistance ratio,
endurance, retention, and intrinsic variability
are important for most computing applica-
tions. It is also beneficial to have a LRS re-
sistance high enough to limit the impact of
the voltage drop in the lines of the crossbar
array during writing and readout. To make
memristive IMC highly competitive against
custom digital accelerators and SRAM-based
IMC, further improvements in compute den-
sity (in excess of 10 TOPS/mm?) and compute
precision (equivalent to four- to five-bit fixed-
point arithmetic) are required. To improve
the compute density, besides scaling both the
memristive devices and the associated access
devices, high-density memristive arrays need
to be integrated at the back end of a CMOS
wafer. However, recent advances in heteroge-
neous integration such as through-silicon-via
or hybrid bonding could open new possi-
bilities whereby the memristive array fabri-
cation could be decoupled from the design of
advanced CMOS peripheral circuitry. To im-
prove the compute precision, it is essential
to minimize the temporal conductance fluc-
tuations (such as noise and conductance drift),
and new device concepts such as projected
memory are being explored (124).

For memristive devices used in data encryp-
tion, the main challenge is to fabricate highly

energy-efficient memristive devices capable of
few-femtojoule, low-voltage, subnanosecond
switching with high switching randomness
that also shows extended endurance. A spe-
cific challenge for RTN-based solutions is
instead related to the stability and magnitude
of RTN signals; these could be improved by
clever process and device design approaches,
such as obtaining confinement of defects in
2D materials (703). In memristive PUFs, one
challenge is to reduce the large sensitivity
to voltage fluctuations and noise that could
enable an attacker to hijack the device and
force-program unintended malicious finger-
prints. Another is to develop complex periph-
eral circuits that could correctly compensate
for the temperature dependence of the switch-
ing statistics and thus avoid introducing se-
vere bias in fingerprint generation.

Regarding memristive devices for mobile
communication, 2D materials seem to pro-
vide good performance, but yield (<75%) and
endurance (hundreds of cycles) fall well short
of the >99.99% yield and >10° cycles needed
in practical systems. These problems might
be mitigated using multilayer 2D materials,
which can have high yield (~98%) and en-
durance (~80,000 cycles) (125). The issue of
endurance calls for deeper understanding of
the underlying phenomena responsible for the
memristive effect in atomically thin crystalline
materials, as well as further research into the
aging effect of the phenomena. If 2D mem-
ristive devices continue to improve, then 2D
RF switches with satisfactory endurance could
be considered for millimeter-wave and 6G
integrated wireless systems. Moreover, in these
systems integration density is not a problem, so
the use of series transistors to avoid overshoot
should also result in better endurance.

Memristive devices began to be commer-
cialized as nonvolatile memories in 2006, but
their share of the memory market has only
now started to increase rapidly. The com-
mercialization of other memristive products
beyond nonvolatile memories may still take
a few years. Nonetheless, memristive devices
are a reality and we will start to see them more
and more in the electronic products that we
use daily.
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Putting memristors to work

Memristors, which are resistors that change conductivity and act as memories, are not only being used in commercial
computing but have several application areas in computing and communications. Lanza et al. review how devices such
as phase-change memories, resistive random-access memories, and magnetoresistive random-access memories

are being integrated into silicon electronics. Memristors also are finding use in artificial intelligence when integrated in
three-dimensional crossbar arrays for low-power, non—von Neuman architectures. Other applications include random-
number generation for data encryption and radiofrequency switches for mobile communications. —PDS
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