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Abstract The von Neumann bottleneck and memory wall have posed fundamental limitations in latency

and energy consumption of modern computers based on von Neumann architecture. In-memory computing

represents a radical shift in the computer architecture that can address such problems by merging computing

functions within the memory itself. In this article, we review the emerging nonvolatile memory devices,

such as resistance-based and charge-based memory devices, that are explored for in-memory computing

applications. We will provide an overview of the materials, mechanisms, and integration of these devices,

and discuss the optimizations at the device and array levels that are required to better support in-memory

computing. Recent progress in the application of in-memory computing in artificial neural networks, spiking

neural networks, digital logic in memory as well as hardware security will also be discussed. Finally, we will

discuss the remaining challenges in this field and potential pathways to address them.
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1 Introduction

With the advent of the era of big data, higher requirements have been put forward for the speed, density,
power consumption and cost of high-performance computing. The increasing amounts of calculations
cause the appearance of the disadvantages of the original von Neumann-based computing structure. For
example, the separation of storage area and calculation area causes the frequent data transported back
and forth between them, resulting in a large amount of energy loss and signal delay, which ultimately leads
to an increase in chip power consumption and a decrease in computing efficiency (memory wall) [1, 2].
Moreover, under the von Neumann architecture, data and instructions are stored in the same memory. As
the result, the fetching of data and instructions cannot be performed at the same time, otherwise it will
cause confusion in memory access, and development to the present, the computing speed of the central
processing unit (CPU) has far exceeded the access speed of memory, greatly reducing the utilization of
the CPU (von Neumann bottleneck) [3, 4]. At the same time, under the guidance of “Moore’s Law”,
microelectronic devices represented by complementary metal-oxide-semiconductor (CMOS) devices are
showing a trend of rapid growth in number and integration. However, as device sizes approach physical
limits and chip energy consumption increases rapidly, this growth trend has gradually slowed down and
is difficult to maintain [5, 6].
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Figure 1 (Color online) Memory devices for in-memory computing.

There are many attempts to solve these problems. The adoption of a memory hierarchy has been
proposed to alleviate this problem, in which a series of high-speed caches between the processor and the
dynamic storage unit buffer the speed mismatch between memory access and operation. This method
reduces the average delay of calculation to a certain extent [7,8]. Furthermore, the graphics processing unit
(GPU) is also useful, in processing a large amount of data in parallel, thus greatly improving the efficiency
of calculation [9]. Moreover, dedicated acceleration chips such as the tensor processing unit (TPU) are
designed to meet the computing power requirements for data streams. This type of acceleration hardware
generally has strong parallel processing capabilities and larger data bandwidth [10, 11]. In addition, the
memory is prepared as close as possible to the processor (near memory computing) to reduce the distance
of data transmission [12, 13]. However, the above improvement methods did not focus on the separation
of data storage and data processing. Therefore, although the memory wall problem could be alleviated
to a certain extent, the von Neumann bottleneck cannot be eliminated fundamentally.

At present, scholars and institutions have begun to study computing storage, that is, in-memory com-
puting [14,15]. The main idea of in-memory computing is to integrate computing (processing) functions
and storage functions in the same chip. All calculations are implemented inside the storage without
data readout and programming, greatly reducing the time and power consumption of data moving back
and forth between storage and processor. In this review, we start with the electrical characteristics of
the memory device, followed by its resistance transformation physical mechanism, before discussing the
array integration method to optimize the performance of the memory device in massively parallel and
efficient in-memory computing, such as digital state logic computing and analog brain-like computing.
The vector matrix multiplication (VMM) can be applied to accelerate the training and inference in an
artificial neural network (ANN). At present, classical machine learning tasks such as information coding,
data classification and reinforcement learning have been realized. Chips made based on this principle can
complement GPUs to jointly accelerate the processing of massive data in the information age.

2 Nonvolatile memory devices for in-memory computing

Memory device is fundamental in realizing the in-memory computing [16–19]. At present, the mainstream
research and development of integrated storage and computing chips are concentrated on traditional
volatile memories, including dynamic random access memory (DRAM) [20, 21], static random access
memory (SRAM) [22], and non-volatile memories, such as resistance random access memory (RRAM) [23],
phase-change random access memory (PCRAM) [24], ferroelectric devices (FeRAM) [25], and flash [26].
As schematically illustrated in Figure 1, there are two basic ways to store information in the memory
devices mentioned above, one of which is based on the presence and absence of electric charges [27, 28],
while the other is based on changes in resistance caused by the rearrangement of atoms and the reversal
of the ferroelectric polarization direction [29, 30]. In this section, we focus on the materials, mechanism,
and integration of resistance-based memories, before introducing charge-based memories.
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2.1 Resistance-based memories

The conductance of resistance-based memories (memristors) will change with the amount of current
passed, and the switching between high resistance (HR) and low resistance (LR) states of the devices is
reversible and can be realized by applying an electric. Memristors are considered to be the fourth basic
circuit element besides resistors, inductors, and capacitors [29,30], and are regarded as the next generation
of non-volatile storage technology, featuring high speed, low power consumption, high integration, and
compatibility with CMOS technology [31–33]. Such advantages can meet the performance needs of
general electronic devices for high-density information storage and high-performance computing. At
the same time, the memristor can carry out non-volatile state logic operations, and in-situ calculation
while allowing data storage in a single device. Therefore, memristors can be used to realize in-memory
computing, fundamentally solving the problem of separation of storage and calculation [34, 35]. This
subsection will summarize the materials, mechanism, and integration of the memristor.

2.1.1 Materials

Memristor utilizes the reversible electro-resistive effect of the insulator material in the metal-insulator-
metal (MIM) structure to realize the storage function. It is worth noting that the “metal” here can be
any electrical conductor [30]. Although there are diverse resistive materials exhibiting resistive switching
(RS) phenomenon, some criteria for memory components are still required. From a material perspective,
as long as the performance of the device is not affected by resistive materials, CMOS compatibility is
one of the main issues for cost-effective and high-density storage. Besides, the RS materials are the
core of memristors which will reflect different RS characteristics under the different types of materials.
Therefore, in this subsection, we will focus on introducing several common types of resistive materials,
namely binary oxide materials [36,37], phase change materials [38,39], ferroelectric materials [40,41], two
dimensional (2D) materials [42, 43] and polymer materials [44, 45].

(1) Binary oxide material. Binary oxide materials have the advantages of simple structure, easy
control of material compositions, low cost, good stability, simple preparation process, and compatibility
with CMOS processes [31–33]. Thanks to these properties, binary oxide materials form an important
material system in the field of microelectronics. With the introduction of RS memory, binary oxides
with RS characteristics have become a hot spot for researchers. Among various transition metal oxide
materials, TaOx and HfOx have been consistently studied as the most promising material systems for
emerging memory technologies, and they are among the most mature resistive materials [36, 37, 46, 47].
Therefore, we will focus on binary oxides that have been extensively studied by researchers in academia
and industry.

A Ta/Ag-NCs/Ta2O5/Pt/Ti memristor based on TaOx material was fabricated by Li et al. (inset of
Figure 2(a)) [48]. The short-term plasticity (STP) and long-term plasticity (LTP) behaviors were realized
in both potentiation and depression processes for the first time in this article. The paired-pulse facilitation
(PPF) ratio in Figure 2(a) indicated a smaller conductance enhancement under a larger pulse interval. A
transition from STP to LTP is observed under the increasing amplitude of the positive pulses (Figures 2(b)
and (c)), while a transition from short-term depression (STD) to long-term depression (LTD) is observed
as the amplitude of the negative pulses increases (Figures 2(d) and (e)). The electrochemical migration
of Ag during the pulses and thermodynamic diffusion during the pulse intervals were responsible for
these behaviors. As shown in Figure 2(f), the spike-timing-dependent plasticity (STDP) learning rule is
implemented eventually through careful design of pulse pairs, which is an important learning rule based on
the inherent mechanism of time in biological systems [49–51]. During the STDP process, the requirement
of a higher amplitude of the positive pulses and the appearance of a symmetric pulse pair were owing to
a higher Schottky barrier formed on the bottom Ta2O5/Pt interface. This work realized various synaptic
functions such as the timing-based learning rule in a scalable manner, laying the foundation for building
an intelligent neuromorphic system that can encode and process temporal and spatial information.

There are some reports on the research of HfO2 materials. A highly uniform two-terminal Zr-doped
HfO2 based artificial synapse is reported by Liu et al., which demonstrates excellent performance [52].
From the current-voltage (I-V ) characteristics of the TiN/Hf0.5Zr0.5O2(HZO)/Pt devices in Figure 3(a),
the analog RS with highly uniformity was realized. More importantly, the devices exhibit LTP and LTD,
and demonstrates average cycle-to-cycle variation (CCV) of <4% (Figure 3(b)) and average device-to-
device variation (DDV) of <9% in Figure 3(c), reflecting excellent uniformity of the device due to the
interface-type resistive switching. Then, the endurance and retention measurements were also carried
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Figure 2 (Color online) (a) PPF ratio of the Ag nanoclusters based devic with the inset showing the schematic of the device.

(b) and (c) A transition from STP to LTP. (d) and (e) A transition from STD to LTD. (f) and (g) Implementation of STDP in the

device. Ref. [48] @Copyright 2020 The Royal Society of Chemistry.

(b)(a) (c)

(e)(d) (f)

Figure 3 (Color online) Based on the TiN/HZO (5 nm, 600◦C/Pt devices). (a) I-V curves of the HZO based device with the

inset showing the transmission electron microscopy (TEM) image; (b) CCV of the LTP and LTD; (c) DDV of the LTP and LTD;

(d) endurance test; (e) retention characteristic measured at 85◦C; (f) the measurement of weight states. Ref. [52] @Copyright 2020

John Wiley and Sons Inc.

out to demonstrate more than 106 cycles of endurance (Figure 3(d)) and >104 s of retention at 85◦C
(Figure 3(e)), as well as 4-bit weights for reliable storage (Figure 3(f)). These characteristics are essential
in realizing artificial neural networks. This article greatly improved the performance of the devices and
increased its potential for network training.

Besides, a device with yttria stabilized zirconia (YSZ) was fabricated by Cheng et al. [53]. The TEM
image of the Ti/YSZ/Pt device with 12 nm YSZ is displayed in Figure 4(a). Furthermore, the typical
bipolar RS behavior was demonstrated as the YSZ thickness of the device is 7 nm (Figure 4(b)). A
transition from bipolar to unipolar RS was realized as the YSZ thickness film was increased to 12 nm as
displayed in Figure 4(c). This can be attributed to the competition between the vertical and radial ion
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(b)(a)

(d)(c)

Figure 4 (Color online) (a) TEM image of the device with 12 nm YSZ; (b) bipolar characteristics of the device with the inset

showing the forming process; (c) unipolar characteristics of the device; (d) implementation of metaplasticity. Ref. [53] @Copyright

2018 AIP Publishing.

transport dynamics. Metaplasticity, which is a history dependent plasticity [54, 55], was realized due to
the unipolar switching characteristic. As shown in Figure 4(d), the device exhibited either potentiation
or depression with identical pulse stimulations, which can be ascribed to the different operation histories
of the device. This work demonstrated that the manipulation of ionic transport properties can be utilized
to construct synaptic elements with rich functionalities.

In addition to the above memristive materials, oxide materials with optoelectronic properties as mem-
ristor functional materials have also attracted extensive research attention of researchers, because such
photovoltaic or optoelectronic materials can respond to both optical stimuli and electrical stimuli at the
same time [56–58]. The introduction of a new physical stimulus such as light can enrich the characteristics,
thereby broadening the control methods and application fields of the memristor.

The optoelectronic synapse with a structure of W/MgO/ZnO/Mowas demonstrated by Dang et al. [59].
Figure 5(a) shows the TEM image of the optoelectronic synapse. The multilevel features were obtained
by triangular voltage sweeping (Figures 5(b) and (c)). As ZnO is sensitive to short wavelength light [60],
the device can be recognized as an optical sensory synapse. Besides, under various light wavelengths and
intensity, the LTP and LTD synaptic dynamics were investigated (Figures 5(d)–(f)). It can be explained
that light with a shorter wavelength and a higher intensity can generate more carriers in the optoelectronic
synapse to increase the conductance [61]. This article shows that the optoelectronic synapse has great
potentiality for in-sensor computing.

A vertical 3-terminal device based on TaOx was demonstrated by Yang et al. [62]. The structure and a
high angle annular dark field scanning TEM (HAADF STEM) image of the vertical heterosynaptic devices
are schematically illustrated in Figures 6(a) and (b), respectively. Compared with 2-terminal memristors,
the structure of the 3-terminal device includes the HfO2 based sidewalls and the third electrode covering
the sidewall. The modulation of RS in TaOx was realized by applying a modulatory electric field (Vmod) on
the third electrode. As shown in Figures 6(c) and (d), the LTP and LTD were modulated by different Vmod

amplitudes. The tunable weight update of the 3-terminal device has a great prospect in neuromorphic
computing.

(2) Phase-change materials. When the materials exchange heat with the external environment and
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Figure 5 (Color online) (a) TEM image of the optic-neural synapse; (b) and (c) implementation of multilevel characteristics;

(d)–(f) LTP and LTD performances under different light stimuli. Ref. [59] @Copyright 2020 IEEE.

(b)(a)

(d)(c)

Figure 6 (Color online) (a) The structure of the vertical heterosynaptic devices; (b) HAADF STEM image; (c) conductance

facilitation as a function of Vmod; (d) conductance depression as a function of Vmod. Ref. [62] @Copyright 2017 John Wiley &

Sons, Inc.

reach a certain temperature, the physical state of the material will change. This phenomenon is called
phase change, and these materials are phase change materials that have the characteristics of chemical
stability, rapid conversion between phases, and thermal stability of the amorphous phase [38, 39]. The
basic structure of the PCRAM is to add a thin layer of phase change material between the top and
bottom electrodes (TE and BE, respectively), and the conductivity difference between the crystalline and
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(b)(a)
(c)

(e)(d) (f)

Figure 7 (Color online) (a) TEM image of CGST-based PCRAM in array [68]; (b) element mapping in PCRAM [69] @Copyright

2020 IEEE; (c) temperature-dependent resistance of the PCRAM based on CGST and GST; (d) thermal reliability test of the

PCRAM; (e) data retention of the PCRAM; (f) endurance test of the PCRAM [68] @Copyright 2018 IEEE.

amorphous states can be utilized to store information. When an external signal in the form of current
injection is applied, the connection points between the electrodes and the phase change materials generate
Joule heat causing a phase change. PCRAM is recognized as one of the most promising candidates for
non-volatile memory with high response speed, high integration density, low operating voltage, and
compatibility with standard CMOS technology [63–65]. As the poor retention will limit its application in
embedded systems, it is necessary to improve the performance of PCRAM by optimizing phase change
materials [66, 67].

The PCRAM based on Carbon-doped Ge2Sb2Te5 (CGST) material with high thermal stability was
fabricated by Song et al. [68]. Figure 7(a) shows the TEM of CGST based memory cells in an array
with 40 nm node. A lance-shaped CGST film was deposited on the blade BE contact (BEC) area.
Furthermore, the element mapping of the PCRAM is displayed in Figure 7(b) [69]. The temperature-
dependent resistance of CGST and GST based memory cells indicated that the CGST based PCRAM
has a gradual drop in RS compared with the GST based PCRAM (Figure 7(c)). The thermal reliability
test of the PCRAM was measured after cycling stress as shown in Figure 7(d) indicating good thermal
reliability of the CGST based PCRAM. Figure 7(e) shows the retention time under different temperatures.
Extrapolation to a temperature of 128◦C shows that the data can be maintained for 10 years. Moreover,
the endurance test was performed as shown in Figure 7 reaching 108 cycles. The high performance CGST
based PCRAM in this article is suitable for the applications in embedded systems [68].

(3) Ferroelectric materials. Ferroelectric material refers to a type of material with ferroelectric effects.
Its crystal has spontaneous polarization strengthening, and the direction of the spontaneous polarization
can be reoriented to the direction of the applied electric field. Due to the development of new ferroelectric
material thin film technology, ferroelectric materials have been used in information storage, image display
and holographic pagers, and ferroelectric light valve arrays for holographic storage [40,70]. FeRAM uses
the position of the central atom in the ferroelectric material to store information. Under an applied elec-
tric field, the central atom can cross the potential barrier from the original position to another position.
Upon removing the electric field, the atom cannot cross the potential barrier, hence the data is retained.
FeRAM exhibits low power consumption, fast operation speed, and radiation resistance; therefore it
has a wide range of applications in scientific fields such as military and space exploration [71–73]. The
current ferroelectric materials for FeRAM are mostly perovskite materials and doped HfO2. However,
there are some problems in integrating classic perovskite materials with modern silicon technology. Com-
pared with classic perovskite materials, the doped HfO2 is fully compatible with complementary metal
oxide semiconductor (CMOS) technology. In addition, the coercive electric of doped HfO2 is relatively
high [73–76].
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Figure 8 (Color online) (a) TEM image of partially crystallized HZO; (b) measured leakage current of HZO; (c) the P -V loops of

the leaky HZO [77] @Copyright 2019 IEEE; (d) top view of the crossbar array; (e) HRTEM views of HZO with different annealing

temperature; (f) FFT on HRTEM images of HZO [52] @Copyright 2020 John Wiley and Sons Inc.

The FE layer designed by Chen et al. [77] demonstrated leaky characteristics. The 5 nm HZO was
utilized as the FE layer to obtain a larger depolarization field (Figure 8(a)). Moreover, the partial
crystallization was realized by 450◦C annealing (Figure 8(b)) to implement a higher leakage current in
the HZO layer [78]. The polarization-voltage (P -V ) loop of the leaky HZO was measured as shown in
Figure 8(c), confirming the impacts of leakage current in the designed leaky HZO layer. In addition,
Liu et al. [52] fabricated a crossbar array based on polycrystalline TiN/HZO/Pt organized in an array
with a size of 16×16 as shown in Figure 8(d). The cross-section TEM views of the HZO layer displayed
different crystalline states under different rapid thermal process (RTP) conditions (Figure 8(e)). The
transition from the amorphous state to the polycrystalline structure of the HZO can be realized when the
temperature of RTP is above 500◦C and the increase in RTP temperature will increase the crystallinity.
In particular, the fast Fourier transformation (FFT) on the crystalline region was in accordance with the
formation of the orthorhombic phase as shown in Figure 8(f) [79].

Neuromorphic computing can mimic the architecture of the human brain to deal with complicated
compute tasks, in which the realization of the neuronal dynamics is critical [80, 81]. As CMOS neurons
have higher hardware costs in implementing advanced biomimetic functions, a leaky-FeFET (L-FeFET)
with fast polarization degradation was proposed by Chen et al. [77] to mimic biological neuron behaviors.
Figure 9(a) shows the schematic structure of the proposed L-FET based on leaky HZO, and the FE
polarization switching was displayed in Figure 9(b). Figure 9(c) displays the current accumulation and
dropping effect of the L-FeFET device. The accumulation dynamics were observed upon applying voltage
pulses and the fast decay of drain current (ID) was realized after the removal of gate voltage (VG).
Besides, the L-FeFET can implement a leaky integrate-and-fire (LIF) function with only one transistor
and one resistor as well as spike-frequency adaption (SFA) function with capacitor [82–84]. With input
spikes applied to the gate of the L-FeFET, the device threshold voltage (Vth) becomes lower due to
the accumulation effect. Figure 9(d) demonstrates the self-reset firing function of the L-FeFET. The
firing of spikes occurs as the Vth is pulled down by the accumulation effect, causing the output voltage
to drop. The FE polarization then recovers under the dropping effect resulting in a self-reset process.
Furthermore, Figure 9(e) displays the experimentally obtained spike firing pattern for SFA. At first, the
time interval increases as the accumulation effect dominates. The increase then ceases subsequently due
to the polarization degradation of L-FeFET.

Subsequently, based on the capacitor-less L-FeFET, Luo et al. [85] emulated the influence of excitatory
and inhibitory inputs to mimic biomimetic neuronal dynamics. Figure 9(f) displays the ID response
under positive or negative input pulses, indicating strong dependences on the voltage of the L-FeFET and
mimicking the excitatory and inhibitory accumulation of LIF neuron. In addition, the proposed device
can also mimic the desensitization of the neuron when inhibition is blocked resulting in an abnormal
firing as shown in Figure 9(g). However, under suitable inhibitory stimuli, the L-FeFET neuron will
fire normally (Figure 9(h)). These studies show that the L-FET has great application prospects in
neuromorphic computing with low energy consumption.

As the gate leakage of the HfO2 layer increases, the endurance of FeFET is limited to less than 104

as well as the memory window will be degraded. The endurance and retention of Si-doped HfO2(HSO)
based FeFET was improved by the insetting of SiON interface layer as shown in Figure 10(c) and (d) [86].
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(c)(a) (b)

(e)(d)

(g)(f) (h)

Figure 9 (Color online) (a) Schematic structure of the proposed L-FET; (b) measured ID-VG curves of the designed L-FeFET;

(c) current accumulation and dropping effect of the device; (d) self-reset firing of the L-FeFET neuron; (e) measured spike firing

pattern with SFA [77] @Copyright 2019 IEEE; (f) ID respond under positive input pulse; (g) and (h) measured spikes without or

with moderate inhibitory stimuli, respectively [85] @Copyright 2019 IEEE.

This is caused by the mismatch of the valence band shift between the SiON interface layer and HfO2 [87]
which will lead to more charge tunneling in the HfO2 rather than trapping.

And the multilevel and high uniformity characteristics were realized based on the FeFET. As shown
in Figure 11, the Laminate FeFET based on HSO or HZO was fabricated to realize the 1–3 bit/cell
operation [88]. And the Al2O3 interlayer was utilized to stabilize the property of FE [89]. Figure 11(a)
displayed the different stacks of the laminated FE layer which was utilized to construct the FeFET. And
Figure 11(b) shows the ID-VG characteristics of the FeFET based on different stack layers, suggesting
that the memory window increases accompanied by the stack layer. As the area of the device will cause
the variability of the FeFET, the memory window under the different FeFET dimensions was measured.
And there is a small variation that was found under the large dimension of the FeFET. It should be
noted that less variation is beneficial to realize the multilevel characteristic because the less unstable
intermediate state was formed. And under the different threshold voltage, the 1-3 bit/cell operation was
realized. The retention of the multilevel based on laminated HSO and HZO FeFET was displayed in
Figure 11(d) and (e), respectively.

(4) 2D materials. 2D materials received significant attention because of their atomic thickness, enabling
radical length scaling without non-ideal short-channel effects [90, 91]. As the technology of 2D materials
matures and with the weak van der Waals (vdWs) heterostructures of the 2D materials, the performance
of memristors based on 2D materials is further enhanced, the hardware cost and power consumption are
also reduced [92]. 2D materials can be divided into transition metal dichalcogenides (TMDCs) [92, 93]
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(c) (d)

(a) (b)

Figure 10 (Color online) (a) The structure schematic of the Si-HfO2 based FeFET; (b) the fabrication flow of the FeFET;

(c) the improvement of endurance with the inserting of SiON interface layer; (d) the improvement of retention with the inserting

of SiON interface layer [86] @Copyright 2018 IEEE.

(c) (d)

(a) (b)

(e)

Figure 11 (Color online) (a) The stack of the laminated FE layer; (b) the ID-VG characteristic of the FeFET based on different

stack layers; (c) the memory window under the different FeFET dimensions; (d) the retention of the 2 bit/cell based on laminated

HSO FeFET; (e) the retention of the 3 bit/cell based on laminated HZO FeFET. Ref. [88] @Copyright 2019 IEEE.

and elemental semiconductors such as black phosphorus (BP). BP materials have broader vdWs gaps
compared with TMDCs [94, 95]. In 2D materials, the free carriers will move between layers through
vdWs gap which will act as a tunnel barrier. There is also significant progress in 2D devices which can
be utilized for data storage [96].

Synaptic transistor based on 2D materials such as WSe2, NiPS3 and FePSe3 with a side gate covered
by a polymer electrolyte (PEO: LiClO4 ion gel) had been investigated (Figure 12(a)) [97]. Figure 12(b)
schematically illustrates the structure of the WSe2 with hexagonal symmetry [98]. Furthermore, the
characterization of WSe2 with layer-by-layer stacking is shown in Figures 12(c) and (d). The STP was



Cheng C D, et al. Sci China Inf Sci December 2021 Vol. 64 221402:11

(h)(g) (i) (j)
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(e)

Figure 12 (Color online) (a) The structure of the synaptic transistor; (b) schematic of WSe2 structure; (c) and (d) HRTEM

image and SAED pattern of WSe2, scale bar: 5 nm; (e) STP measurement under a single positive VG; (f) STP to LTP measurement

under a train of positive VG; (g) LTD measurement under a single negative VG; (h) STP measurement under a train of negative

VG; (i) LTP and LTD measurement of the WSe2; (j) energy consumption and weight change under different pulse magnitudes [97]

@Copyright 2018, John Wiley & Sons, Inc.

realized under a 5 V voltage on the gate (Figure 12(e)), while a transition from STP to LTP was observed
under a successive train of positive voltage pulses (Figure 12(f)). It can be explained that the adsorption
of Li+ ion on the surface of WSe2 under the weak stimulus which will backward diffuse into the PEO:
LiClO4

− ion gel after removing the gate pulse, while under the strong stimulus, some of the Li+ ions will
intercalate into WSe2. Moreover, the ClO4

− ions can be absorbed on the surface of the WSe2 under the
negative voltage to increase the conductance of the channel. In this case, the LTD characteristic can be
realized under a negative gate pulse as the Li+ ions can be extracted from the channel (Figure 12(g)).
Figure 12(h) shows the STP characteristic under a negative voltage pulse train, suggesting the existence
of complicated ion dynamics inside the device. In addition, LTP and LTD with remarkable linearity and
symmetry were realized as shown in Figure 12(i). Besides, the WSe2 based synaptic transistors have an
ultralow energy consumption of ≈30 fJ per spike as demonstrated in Figure 12(j). It is worth noting that
the LTP still occurred under 0.1 V pulse voltage.

Other than WSe2 material, the BP materials such as NiPS3 and FePSe3 can be utilized as channel
material [99, 100]. Figures 13(a) and (b) show the HRTEM of NiPS3 and FePSe3 films, respectively,
suggesting the existence of structural defects. The PPF ratio was measured under two consecutive pulses
with a varying time interval as shown in Figures 13(c) and (d)), which indicates that the capacity of Li+

ions in the channel can be altered. In addition to the above 2D materials, MoS2, another member of
TMDCs, also has been extensively studied. Bao et al. [101] fabricated a MoS2 based dual-gate transistor.
The HRTEM in Figure 13(e) displays the multilayer structure of the MoS2. Similar to Li+ in WSe2, Li

+

ions also can be adsorbed onto the surface of MoS2 under a low stimulus while being intercalated into the
channel under a large stimulus. The MoS2 neuristor can be recognized as an n-type MOSFET, a synapse,
or a neuron under different driving signals (Figures 13(f)–(h)). Figure 13(g) shows the STP characteristic
under a single pulse while Figure 13(h) displays the integrate-and-fire function with different amplitude
of input pulses. These studies demonstrated the great application prospect of 2D materials in enriching
the functionalities of neuromorphic computing.

(5) Polymer materials. The chemical and biochemical signals can be transformed into optical, electrical,
thermal, and mechanical signals by regulating the transport of ions and molecules in polymer materials,
and vice versa [44,45]. The atoms are connected by covalent bonds without free electrons and ions. Thus
while the polymer material has high insulation, elasticity, abrasion resistance, chemical stability, and
excellent light transmittance, it also has the characteristics of low dielectric constant and dielectric loss.
These properties broaden the application of polymer materials [102,103]. Polymer RRAM is an emerging
device in organic electronic products. It has the dual advantages of electro-electronic materials and
resistive memory, including low cost, flexible, transparent, and simple manufacturing process [104–106].
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Figure 13 (Color online) (a) and (b) HRTEM of the NiPS3 and FePSe3 films, respectively, scale bar: 5/nm; (c) and (d) PPF

ratio of the NiPS3 and FePSe3 based device [97] @Copyright 2018, John Wiley & Sons, Inc.; (e) HRTEM of the MoS2 nanosheet

multilayer structure; (f) Ids response under different Vds; (g) STP characteristic with VTG applied; (h) the integrate-and-fire

function under the applied of Vds and VTG [101] @Copyright 2019 American Chemical Society.

(b)(a) (c)

(e)(d) (f)

Figure 14 (Color online) (a) Cross-section SEM view of the parylene-based RRAM. (b) retention behavior; (c) bending test

under various bending curvature radii; (d) stress test under continuous read pulses [107] @Copyright 2016 IOP Publishing; (e) the

I-V characteristic under different temperatures; (f) the measurement of the LRS under different temperatures [108] @Copyright

2017 MDPI.

Cai et al. [107, 108] has conducted in-depth research on parylene-C materials based RRAM which
is suitable for wearable biomedical applications. Figure 14(a) shows the cross-section SEM of the
Al/parylene/W device based on a flexible substrate [107]. The remarkable retention characteristic (stor-
age window >104), superior bending stability under various bending curvature radii and stable read
disturb characteristics were performed to reveal corresponding electrical reliability of the flexible devices
(Figures 14(b)–(d)).

Subsequently, Lin et al. [108] demonstrated the temperature sensing functionalities of the parylene-C
based RRAM. Figure 14(e) shows the temperature-dependent I-V curves. The LR as the function of
temperature is displayed in Figure 14(f), in which the linear relationship indicates the metallicity of the
conductive filament (CF). These studies manifest the potentiality of the polymer material based RRAM
in the application of wearable biomedical products.

In addition to the RS material, the electrode material utilized by the memristor will also have an
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important impact on the RS mechanism and performance of the device [109]. The commonly used
electrode materials include Ag, Cu, Au, Pd, Pt, Ti, Ta, Hf, TiN, Mo, W. These materials are mainly
divided into three categories. Ag and Cu are active electrode materials with high mobility, which can
migrate and diffuse in the RS layer under the drive of an electric field. Au, Pd, and Pt are inert electrodes
with low field-induced mobility and stable chemical properties at the interface without diffusion and
chemical reaction. Ti, Ta, Hf, and TiN are interface active electrodes, which has low mobility in the
RS layer, but the chemical activity is strong enough to react with the RS layer to form a sub-state
oxide at the interface, which will influence the resistive switching mechanism and performance of the
memristor [110–112].

2.1.2 Mechanisms

The RS mechanisms of memristors are very complicated due to the coupled electron and ion dynamics
which are sensitive to material composition, device structures, environmental conditions, and so on [111–
118]. At present, the resistance change mechanisms of memristors can be classified according to several
mainstream material categories. The resistance switching of PCRAM is due to the transformation of the
phase change material between the crystalline and amorphous state under Joule heating [24]. The FeRAM
instead relies on the reversal of the ferroelectric polarization to achieve non-volatile resistance [25]. On
the other hand, the RS mechanism of RRAM can be divided into CF type and interface type [23]. The
CF type refers to the resistance change phenomenon being modulated by the formation and breakage of
the CFs in the RS layer. The LR is independent of the device area as the formation of CFs is localized
to a small area. Furthermore, the RS mechanism of the interface-type devices is generally considered to
be caused by the change of the contact barrier at the interface between the electrode and the switching
material. This RS phenomenon is usually described by the Schottky emission model. As the current
path of the interface-type device is distributed throughout the device, the resistance increases as the area
decreases [116, 117]. However, current research on the mechanism of interface-type devices is still not
mature enough. Below, we will introduce the CF type RRAM in detail.

The RS mechanisms of the memristors have been widely observed in many material systems based
on MIM structure [115]. In the filament type RRAM, when the CFs connect to the two electrodes, a
conductive channel is formed and the device exhibits LR. When the CFs break, the conductive channel
is disconnected and the device exhibits HR. RRAM exhibits different RS characteristics with different
materials. As the formation of CFs plays important role in the switching process, CF type memristors
can be divided into electrochemical metallization memory (ECM) [113,119] in which the CFs are formed
by metal cations such as Ag and Cu cations, and valence change memory (VCM) [112] which is dominated
by oxygen anions or oxygen vacancies.

A typical ECM is composed of an active electrode prone to chemical reactions, an inert electrode, and
a sandwiched RS layer which causes initial HRS of RRAM. The active electrode will be partially oxidized
into metal cations and then migrate towards the inert electrode under a positive voltage. According to
the electrochemical theory, the CFs will form under the reduction of metal ions at the inert electrode,
enabling the switch from HRS to LRS which is called the set process. The reverse process, called the
reset process, occurs when the CFs rupture as the active metals oxidized into cations under the applied
voltage [120].

Through systematic in situ TEM studies, Yang et al. [121] revealed the microscopic origin of the
dynamic growth and migration processes of metal nanoclusters in ECM under the driving of electric field.
Figure 15(a) shows the schematic of Ag nanoclusters based samples. Figure 15(b) displays an HRTEM of
the Ag nanoclusters and the corresponding FFT result is displayed in the inset of Figure 15(b), proving
the crystalline face centered cubic (fcc) structure of the Ag nanoclusters. In the applied electric field,
the evolution of the Ag nanoclusters can be observed in Figure 15(c)–(f). It can be seen that the cluster
gradually dissolved (Figure 15(d) and (e)) before forming another cluster in Figure 15(f), thus realizing
the overall movement of Ag clusters and leaving behind a void in their original positions.

As the formation of CFs in ECM involves metal ions, the geometry of CFs depends strongly on kinetic
factors such as ion mobility (µ) and the redox rates (Γi) of metal. There are four types of filament growth
geometries corresponding to the combinations of µ which determines the nucleation site of the ions and
Γi which influences the supply of ions. Subsequently, devices with different metals were fabricated to
investigate the electric fields required to migrate the metals (Figure 16(e)). The results indicated that
Ag and Cu are more acceptable for ECM. These studies demonstrated the dynamic growth of CFs and
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(b)(a) (c)

(e)(d) (f)

Figure 15 (Color online) (a) Schematic of the Ag nanoclusters based ECM. (b) HRTEM image of the embedded Ag nanoclusters.

The inset shows corresponding FFT results of an Ag nanocluster, scale bar: 1 nm. (c)–(f) In situ TEM images after applying an

electric field, scale bar: 10 nm. Ref. [121] @Copyright 2014 Springer Nature.

(b)(a)

(e)

(d)(c)

Figure 16 (Color online) (a)–(d) Four types of filament geometries corresponding to the combinations of µ and Γi; (e) distribution

of the electric field required for the migration of different materials. Ref. [121] @Copyright 2014 Springer Nature.

gave general guidance for the design of novel RRAMs.
Similar to the ECM, the mechanism of VCM is also based on electrochemical reactions and electro-

migration of ions. However, the VCM mechanism is related to the oxygen-related defects (such as oxygen
vacancies or oxygen ions) in the oxide. The RS based on the VCM mechanism is mainly divided into two
categories [112,114]. The first type is the formation of sub-oxides under the migration and accumulation
of oxygen vacancies at the interface of oxide and metal, thereby changing the Schottky barrier. The other
type is the directional movement of oxygen vacancies as the electric field is applied, causing localized
oxygen-deficient areas in the oxide material, which reduces the chemical valence of metal elements in
the oxide and forms CFs composed of oxygen vacancies. As the movement of oxygen ions is difficult to
detect, the mechanism of VCM is still under research.

Therefore, with the help of conductive atomic force microscopy (C-AFM) and electrostatic force mi-
croscopy (EFM), Yang et al. [122] gave clear evidence of the migration and accumulation of oxygen ions
in HfO2 (Figures 17(a) and (b)). Figure 17(c) displays the topographic image of the sample under dif-
ferent positive sweeping voltages. Besides, the detailed topographic characteristics, as well as 1ω and
2ω components under different sweeping voltages are displayed in Figures 17(d)–(l). When the sweeping
voltage was increased from 6 to 10 V, RS from off to on state was realized, causing the structural damages
(Figure 17(g)) and dark spots (Figure 17(i)) due to the formation of oxygen gas at the top interface [118].
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Figure 17 (Color online) (a) and (b) Schematic of the C-AFM and EFM measurements, respectively; (c) topographic image

under different positive sweeping voltages, scale bar: 4 mm; (d), (g), (j) topographic; (e), (h), (k) 1ω; (f), (i), (l) 2ω measurements

on the region under the stimulation of different sweeping voltages, scale bar: 200 nm. Ref. [122] @Copyright 2017 Springer Nature.

Besides the change in Figure 17(h) indicated the oxidation of the accumulated oxygen ions. Subsequently,
the mechanism of VCM was further investigated under a negative sweeping voltage. As the voltage up to
−4 V, the structural damages were observed in the 1ω signal, indicating a charge accumulating in HfO2

(Figures 17(j)–(l)).

The above work explored the migration and accumulation of oxygen ions using EFM characterizations,
while Liu et al. [123] explored the redox reaction of the oxygen ions by observing the surface of HfO2

based VCM fabricated on a thermally oxidized silicon substrate with a symmetric structure. When a
positive voltage sweeps across the top electrode (Figures 18(a) and (b)), obvious structural damage with
three distinguishable layers can be observed in Figure 18(c). Figure 18(d) further displays the TEM of
the bubble structure marked in Figure 18(c). The production of the bubbles can be explained by the
formation of oxygen gas through the anodic reaction [78]. Simultaneously, there must be a cathodic
reaction due to the charge neutrality [124–127]. Furthermore, the structural damage to the BE can
be explained by excessive Joule heating effects [122]. To further verify this point of view, the control
experiments were conducted under the applying of negative voltage on the top electrode (Figures 18(e)
and (f)). As shown in Figure 18(g), the damage was only found on the top electrode at positions ‘2’ and
‘3’, while the structural damage at position ‘1’ extended into the switching layer, indicating that it is not
necessary for the oxidation and reduction reactions to occur at the same destructive sites.

It is worth mentioning that as the thermal effects exist in RS, the thermochemical mechanism (TCM) is
one of the important mechanisms of RRAM. In this mechanism, the set process is related to the thermal
decomposition of the switching layer, while the thermal melting dominates the RESET process [128,129].
Different from electric effects, the TCM is independent of polarities. And PCRAM is considered the most
prominent TCM memory.

In addition to the above-mentioned mechanisms related to ion migration and transport of combined
electron/ion, there are also some special RS devices based on pure electronic effects. Some impurities and
defects existing in the RS material will affect the electron transport ability in the film. When they are
occupied by electrons, the resistance changes. At present, the RS models related to charge traps mainly
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Figure 18 (Color online) (a) Schematic of the positive voltage applied; (b) positive forming characteristics of Pt/HfO2/Pt device;

(c) SEM image after forming process, scale bar: 200 nm; (d) TEM image of the bubble structure, scale bar: 500 nm; (e) schematic of

the negative voltage applied; (f) negative forming characteristics of Pt/HfO2/Pt device; (g) TEM image showing different structural

damage, scale bar: 200 nm. Ref. [123] @Copyright 2019 Royal Society of Chemistry.

include the defect-controlled space charge limited current (SCLC) model [130–132] and the Poole-Frenkel
(P-F) emission model [133–135]. Memristors based on charge trapping and releasing are usually related
to charge traps. When carriers are trapped, changes in the defect energy level will lead to different
resistance states of the film, which usually causes the SCLC [131]. The P-F effect is also called the
field-assisted thermal ionization effect. The RS material produces large numbers of traps during the
growth process or electrical activation process. The Coulomb barrier generated by these traps in the
material will severely limit drift and diffusion current. At the same time, the distance between adjacent
traps is relatively large, reducing the probability of the tunneling phenomenon. Therefore, the change of
conductance can be achieved by controlling the electron concentration in the conduction band through
charge trapping or releasing [133]. Understanding the mechanisms of memristors is critical for further
performance optimizations.

2.1.3 Integration

The integration of memristors can be generally divided into two types, active array constructed by
connecting the transistors with memristors in series and passive array formed by the memristors [136–139].
A HfOx-based memristor cell connected to an NMOS transistor is proposed under a standard CMOS
process to realize synaptic function [140] as shown in Figure 19(a). Figure 19(b) shows the LTP and
LTD characteristics of the multi-terminal device under continuous positive and negative voltage stimuli,
respectively. From the I-V characteristics of both devices (Figures 19(c) and (d)), it is clear that the
transistor modulates the conductance change of the memristor cell. For the single memristor device, the
SET is an abrupt process, while the memristor-based multi-terminal device shows a gradual resistance
change which was attributed to the voltage-divider effect of the transistor. During the SET process, the
voltage across the voltage multi-terminal device may gradually decrease as its resistance becomes smaller
and smaller, which is different from the SET process in a single memristor. Thus, the memristor-based
multi-terminal device has good gradual resistance tuning property without compliance current.

As the size of the transistor determines the area of memory to a large extent, which in turn limits
the scalability of the integrated structure, the passive array is more dominant in terms of process and
integration density. In a passive array, the memory cell is composed of a crossbar structure of mutually
perpendicular word lines (WL) and bit lines (BL), which minimizes the size to 4F2 [141,142]. At the same
time, the passive array does not depend on the front-end preparation of the CMOS process. Therefore,
it is beneficial realizing 3D stacking integration to greatly improve the integration density and reducing
the effective size of the storage unit to 4F2/N [143, 144]. The 3D RRAM architectures can be classified
into horizontal stacking 3D architecture (HRRAM) and vertical 3D architecture (VRRAM). Each layer
of the HRRAM structures needs to be prepared separately, thus increasing the storage density per unit
area at the expense of the production cost. On the contrary, the fabrication of VRRAM is more cost-
effective [145–147]. However, in a large-scale passive array, the sneak path through unselected cells will
seriously degrade the performance of the crossbar architecture, thereby decreasing the integration density
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(b)(a)

Figure 19 (Color online) (a) The fabricated device consisted of a memristor and an NMOS transistor. (b) LTP and LTD

characteristics under continuous voltage stimuli. (c) and (d) I-V characteristic of memristor-based multi-terminal device and single

memristor. Ref. [140] @Copyright 2016 The Royal Society of Chemistry.

(e)(d)

(b)(a) (c)

Figure 20 (Color online) (a) The structure of encapsulated VRRAM array. (b) TEM image of the encapsulated device.

(c) Retention behaviour of four weights at 200◦C for the three structures. (d) Resistance degradation of devices with different

encapsulated layer. Ref. [148] @Copyright 2016 IOP Publishing. (e) The influence of device parameters on the cooling performance

of 3D RRAM. Ref. [151] @Copyright 2019 IOP Publishing.

and complicating the external sensing circuits. These will be discussed in Subsection 3.4.

Although there are extensive researches on 3D RRAM, the reliability issues remain to be resolved. An
encapsulated vertical 3D RRAM structure (Figure 20(a)) was proposed to reduce the effect of the thermal
disturbance, thus improving reliability [148]. As expected, the cross-sectional TEM image in Figure 20(b)
indicates that the TaOx RS film is wrapped by the surrounding encapsulation layer (EL). Besides, the
retention test of four weights at 200◦C for the three structures was conducted as shown in Figure 20(c).



Cheng C D, et al. Sci China Inf Sci December 2021 Vol. 64 221402:18

Table 1 Comparison between the NOR flash and NAND flash [26, 155, 158–162]

Type
Reading Programming Erasing

Endurance
Memory

Application
speed speed speed technology driver

NAND flash Slow Fast 4 ms 106 Needed Large capacity; data storage

NOR flash Fast Slow 5 s 105 Not needed Small capacity; code storage

With the ELs of Si3N4 (ELSi3N4
), the resistance has a slight change compared with the unencapsulated

layer structure (UL) due to the higher oxygen blocking ability of Si3N4, indicating optimized reliability
of the encapsulated structure [149,150]. Figure 20(d) shows the characteristics of resistance degradation
based on the 3D RRAM with different encapsulated layers. The calculation demonstrated an improved
thermal disturbance immunity under the encapsulation of AlN.

Subsequently, the effect of the device parameters on the integration density of 3D RRAM was investi-
gated by Chen et al. [151]. The finite-element based models were conducted to research the effect of four
parameters (feature size (F ), the thickness of metal layer (tm) and isolation layer (ti), and the number of
stacked layers (Ns)) on the heat dissipation performance of VRRAM and HRRAM (Figure 20(e)). From
the perspective of thermal effects, the VRRAM is a better choice for high-density RRAM arrays.

2.2 Charge-based memories

The charge-based memories mainly include DRAM, SRAM, and flash. A DRAM memory cell is composed
of a transistor and a small capacitor. The quantity of charge stored in the capacitor is used to represent
a binary bit “1” or “0”. However, the leakage of the capacitor will cause an insufficient potential differ-
ence, resulting in memory corruptions. Therefore, the capacitor needs to be charged periodically [21].
The DRAM-based in-memory computing mainly utilizes the charge sharing mechanism between DRAM
cells [152, 153]. On the other hand, each SRAM cell requires four to six transistors besides other com-
ponents. SRAM uses latches in its core and relies on bistable circuits to store information. Therefore,
compared with DRAM, the information stored in SRAM will be preserved even if there is no refresh
operation, provided the power is uninterrupted [22]. SRAM can be used to implement binary multiply-
accumulate (MAC) operation (XNOR accumulation operation) thanks to its binary property. This makes
implementing binary neural networks using SRAMs possible [154, 155].

Compared with SRAM and DRAM, flash is non-volatile. It also has the capability of erasing informa-
tion as a whole and reprogramming by byte. Flash is divided into NOR-flash and NAND-flash according
to the array structure and operations [155]. NOR structure usually adopts channel hot electron injection
as for main programming method. As shown in Figure 21(a), as the charge-storage layer has a high
density of electron traps, the electrons can be trapped in the floating gate (FG) to increase the Vth [156].
The TEM images in Figure 21(b) and (c) show the BL and WL cross-sections of the NOR flash cells. As
for erasing process, electrons tunnel from the FG to the source region or channel via Fowler-Nordheim
(FN) tunneling mechanism [157]. The multi-bit storage of the NOR flash cell was realized by designing
the drain voltage and gate voltage (Figure 21(d)). And the error rate of each of the 16 states is displayed
in Figure 21(e).

In NAND-flash, information is programmed by the tunneling of electrons from the channel into the
FG [158,159]. Due to the high transmission efficiency of NOR-flash, it is cost-effective in small capacity
storage, but the limited programming and erasing speeds greatly affect its performance. NAND-flash
has the advantages of large capacity, fast reprogramming speed, etc., which is suitable for storing large
amounts of information. And the comparison between the NOR flash and NAND flash is displayed in
Table 1 [26, 155, 158–162]. Furthermore, as the FG transistor is an active component, flash memory has
an additional advantage over RRAM in the consideration of leakage current [160]. The nanoscale flash
memory array has the ability to realize VMM, subsequently improving the computing efficiency in fully
connected neural networks [161–164].

A benchmark of the different memories is demonstrated in Table 2 [64, 97, 165–172], and the energy
and switching speed in which are the best performance indicators currently reported. It can be seen
that PCRAM has the most mature manufacturing process, but there are also some shortcomings such as
asymmetric switching, conductance drift, and thermal disturbances. And the flash faces some challenges
such as performance, power consumption, and scalability. RRAM is a hot topic of current research due
to its excellent performance indicators, but the variation caused by the mechanism based on the filament
growth and rupture is a problem we have to confront.
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(b)(a) (c)

(e)(d)

Figure 21 (Color online) (a) Schematic of the nanoscale flash. (b) and (c) BL and WL TEM of the nanoscale flash. (d) Ids
distribution of 16 states. (e) The comparison of measured and target Ids. Ref. [156] @Copyright 2019 John Wiley & Sons, Inc.

Table 2 Comparison of different types of resistance-based memories [64, 97, 165–172]

Device Mechanism Material Energy Switching speed Cons

Oxide-RRAM Filament growth HfOx; TaOx; 0.1 pJ 100 ps Variation stochasticity

and rupture SiOx

PCRAM Amorphous-crystalline Ge2Sb2Te5 0.1 pJ 300 ps Asymmetric switching;

phase change (GST) conductance drift;

thermal disturbances

FeRAM Polarization Doped HfOx; 1 fJ/bit 10 ns Hard to realize

switching perovskite multilevel

2D-RRAM Defects/ions MoS2; graphene; 30 fJ 5 ns Tough to infer

migration WSe2 the scalability

Polymer- Filament growth parylene-C; 1.23 fJ 15 ns Variation stochasticity

RRAM and rupture PMMA; PEO

Flash Hot electron injection SiO2; SiNx 0.9 PJ/bit 100 µs Limited endurance;

FN tunneling low storage density

3 Device and array optimizations for in-memory computing

The high-performance memristor is a basic element for in-memory computing in high-density arrays.
Compared with memristors of other material systems, binary metal oxides have received more atten-
tion because of their simple preparation process and compatibility with traditional CMOS processes.
In the application of in-memory computing, the memristors with high weight precision are required for
deducing, as the uniformity and linearity are the critical indexes for training. And as mentioned above,
the sneak path is an obstacle to high-density integration. In addition, the operation speed, power con-
sumption, endurance and retention, and so on are important for in-memory computing. In the current
research, on the filament-type memristor, it is generally believed that the randomness of the generation
and fracture of CFs in the resistive function layer are the source of the discreteness of the resistance tran-
sition parameters [173]. Therefore, suppressing the random generation of CFs can effectively improve
the performance of the device. This subsection mainly introduces the device and array optimizations for
in-memory computing.
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(a)
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Figure 22 (Color online) (a) Gradual potentiation under a series of positive voltage sweeps. (b) Gradual depression under a

series of negative voltage sweeps. Ref. [53] @Copyright 2018 AIP Publishing. (c) I-V sweeps of device based on Pt/Ti/WOz-

50%/TaOy/Pt. (d) Different geometry of filaments in different switching layers. (e) and (f) LTD and LTP characteristics of the

device. Ref. [177] @Copyright 2017 The Royal Society of Chemistry.

3.1 Weight precision

Having more weight states per cell is a highly desired characteristic in the application of in-memory
computing. It directly increases the storage capacity of the cell without sacrificing additional layout
area. RRAM has the ability to demonstrate multilevel conductance (MLC) by altering the compliance
current of the set process and the stop voltage of the reset process, as shown in Figures 22(a) and
(b) [53,174]. The above-mentioned work by Liu et al. [52] realized a multilevel (4-bits) device by doping
Zr into HfO2. Moreover, the abundant sub-oxide phases in the switching layer material will be beneficial
in realizing the MLC. This is because the filaments with different geometries will be formed during the
programming process [175, 176]. Based on the theory, Li et al. [177] fabricated a WOx based RRAM
with rich intermediate phases to realize multi-states of conductance. Figure 22(a) exhibits typical bipolar
switching in Pt/Ti/WOz-50%/TaOy/Pt devices, which depends on the gradient of oxygen concentration
in the bilayer oxides. Figures 22(e) and (f) display the potentiation and depression processes in the
devices, showing the MLC of the device. The different geometry of filaments in the switching layers with
and without intermediate phases are displayed in Figure 22(d), which indicates that the MLC is achieved
through stable changes in filament geometry.

3.2 Uniformity

Variability is the main challenge for RRAM mass production [178]. The variability is mainly reflected
in the wide distribution of switching voltage and resistance states. It can be divided into CCV and
DDV according to time and space fluctuations. These random effects will erroneously program/erase
the memory cell, or misidentify the memory state, thereby posing challenges on peripheral sensing and
programming circuits. Since the poor uniformity is caused by the random formation and dissolution of
the CFs, the variability of the RRAM can be alleviated by reducing the inherent stochasticity of the
filament size and the effective switching position.

The work of Yu et al. [148] mentioned above improved the reliability of the encapsulated 3D RRAM
by suppressing unnecessary Vo migration. Moreover, Liu et al. [52] fabricated an interface-type RRAM
based on Zr-doped HfO2 to exhibit excellent uniformity of the device. In addition, the uniformity of
the HfOx based RRAM was improved by Fang et al. [179] with the insertion of a TiN buffer layer.
As shown in Figure 23(a), two types of samples with or without a 2 nm-TiN were fabricated in the
same processes. The box plots in Figure 23(b) present the distribution of initial resistances and forming
voltages. Furthermore, the pulse cumulative curves of HRS and LRS are displayed in Figure 23(c), which
demonstrate that the RRAM with TiN buffer layer has a more stable HRS. In addition, the CCV and
DDV were characterized by normalized quantities calculated using two different sets of methods, and
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Figure 23 (Color online) (a) HRTEM images of samples; (b) the box plots of initial resistance and forming voltage; (c) the

distribution of HRS and LRS; (d) the bar plots of the DDV and CCV on HRS. Ref. [179] @Copyright 2018 IEEE.

the results are as shown in Figure 23(d) [180], in which the improvement of DDV is more obvious than
CCV. These optimizations imply that the TiN not only reduces the side effects of the Ti layer but also
maintains its deoxidizing ability.

3.3 Linearity

The linearity of the conductance in a memristor refers to the uniformity of the conductance change under
the same electrical pulse [180, 181]. Linear conductance modulation is important in the application of
in-memory computing, as it simplifies the weight adjustment process and peripheral circuit to a great
extent [32].

The linearity of TaOx based memristors is optimized via the introduction of an ion diffusion limiting
layer (DLL) by Wang et al. [182]. A typical nonlinear LTP and LTD are displayed in Figure 24(b), both
of which can be divided into two regimes including the initial abrupt increase (decrease) regime and the
following gradual modulation regime. It can be explained as follows. Initially, the growth of CF is caused
only by the movement of oxygen vacancies around it. And after these adjacent ions were exhausted,
the vacancies originally far away from CF will then participate. The stable growth/dissolution of CF in
regime II is achieved through a longer travel distance and a lower temperature gradient. The nonlinearity
can be improved by inserting a 1 nm SiO2 DLL to limit the ion diffusion speed (Figure 24(c)). The STDP
behavior was realized through carefully designed spikes (Figure 24(d)) [49–51].

3.4 Sneak path

The sneak current issue in passive crossbar arrays will limit the array density and hinder the application
of the crossbar structure in in-memory computing, as it will interfere with the read operation and cause
incorrect programming [183,184]. Many methods have been adopted to solve this problem. For example,
additional selective devices can be connected in series with the RRAM, and RRAM cells with self-selection
functions can be chosen to form the array. As the selective device will reduce the integration density and
complicate the fabrication process, self-selected RRAM is highly favorable [185, 186].

An RS device with inherent nonlinear characteristics can effectively suppress sneak current in a passive
array [187]. A TaOx-based bipolar RS device with an ultra-thin SiO2−x interfacial layer was fabricated by
Wang et al. [188] as shown in Figure 25(a). Figure 25(b) shows the I-V characteristics of the device after



Cheng C D, et al. Sci China Inf Sci December 2021 Vol. 64 221402:22

(c)
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(d)

Figure 24 (Color online) (a) The structure of the device; (b) a typical nonlinear LTP and LTD; (c) linear LTP and LTD with

1 nm SiO2 inserted; (d) STDP characteristic with the inset showing the applied spikes. Ref. [182] @Copyright 2016 The Royal

Society of Chemistry.

(c)(a)

(d)(b)

(e)

(f)

Figure 25 (Color online) (a) SEM image of the SiO2−x inserted devices. (b) I-V characteristics of the interface-engineered

device. (c) Temperature dependence of the device. Ref. [188] @Copyright 2016 IOP Publishing. (d) CRS characteristics of the

bilayer device. (e) and (f) LTD and LTD of the CRS devices. Ref. [177] @Copyright 2017 The Royal Society of Chemistry.

the forming operation and the inset shows the switching behavior in a logarithmic scale, which displays a
nearly symmetrical nonlinearity of ≈12 under the adoption of the V/3 method [187]. Figure 25(c) displays
the evolution of LR as a function of temperature which also demonstrated the nonlinearity of the LR.
Complementary resistive switches (CRS) composed of two anti-serially connected bipolar memory cells
also can solve the sneak path problem [189]. Li et al. [177] fabricated a TaOy/Ta2O5−x based device
which displayed CRS behavior (Figure 25(d)). As the oxygen-rich Ta2O5−x film was deposited before the
oxygen-deficient TaOy film without contacting Ti, therefore, the VOs is possible to get depleted, leading
to the observed CRS behavior. Furthermore, Figures 25(e) and (f) display the analog conductance
modulation of the CRS device, in which the conductance increases before decreases. This is consistent
with the characteristic of CRS.
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Figure 26 (Color online) (a) and (b) Bipolar characteristics of Ta electrode based device under different set voltages. (c) and

(d) Unipolar characteristics of Ni electrode based device under different set voltages. Ref. [191] @Copyright 2016 AIP Publishing.

RRAM cell with self-selection function is also a solution for the sneak path problem [190]. Yu et
al. [191] proposed a TaOx/p

+-Si RRAM device with a self-selection capability. There were two kinds
of devices fabricated, one with a Ta-TE while the other with a Ni-TE. The devices presented different
characteristics under different operating voltages. The bipolar performances of the Ta-TE device are
displayed in Figures 26(a) and (b), and the non-linearity of the device achieved 103 under the applying of
negative switching bias. On the other hand, the Ni-TE device displayed unipolar characteristics instead
(Figures 26(c) and (d)) in accordance with the oxygen-affinity comparison. Similar to the Ta-TE device,
the Ni-TE device exhibited non-linear RS under a negative bias.

Furthermore, a novel resistive device based on TiN/VO2/HfO2/TiN can switch between volatile thresh-
old switching (VTS) and non-volatile RS (NVRS) [192]. As VO2 exhibits the insulator-metal-transition
(IMT) under thermal or electrical stimulation, while HfO2 has excellent non-volatile characteristics [193],
the dual functional layers VO2/HfO2 can demonstrate multi-functional characteristics under a proper
voltage as shown in Figures 27(a) and (b). Figure 27(c) shows a tight distribution of Vth, Vhold, Vreset

and Vset extracted from 50 consecutive cycles. The read margin calculated according to the array size is
displayed in Figure 27(d). Besides, when the device shrinks to 40 nm node, the integration level of the
array can reach 103 × 103.

3.5 Optimization on other aspects

In addition to the optimizations of linearity, multilevel, uniformity, and suppression of the sneak path
mentioned above, the power consumption, on-off ratio, retention, and endurance of the device are also
important for in-memory calculations. Wang et al. [192] also investigated the response speed of the
VO2/HfO2 based device in VTS mode. And the switching/recovery speed can reach 30 ns, which is faster
than the Ag/Cu-based VTS devices [194]. Moreover, Chen et al. [195] fabricated a graphene integrated
parylene-based flexible memristor to attain low power consumption. Figures 28(c) and (d) display the
comparison of reset current and power consumption between memristor with graphene (G-memristor)
and memristor without graphene (NG-memristor), which indicates that the power consumption of G-
memristors was nearly 14 times lower than that of NG-memristors. Furthermore, the ion gate device
prepared by Zhu et al. [97] mentioned above greatly reduces the power consumption of the device by
using a coupling of 2D materials and ion glue.
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(a) (b)

(d)(c)

Figure 27 (Color online) (a) and (b) Typical I-V curve of VTS and NVRS; (c) the distribution of Vth, Vhold, Vreset and Vset;

(d) the read margin calculated as a function of array size. Ref. [192] @Copyright 2020 IEEE.

(c)(a)

(d)(b)

Figure 28 (Color online) (a) and (b) The measurement of switching speed and recovery speed in VTS mode. Ref. [192] @Copyright

2020 IEEE. (c) and (d) Distribution of the reset current and the power consumption. Ref. [195] @Copyright 2019 John Wiley &

Sons, Inc.
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In fact, the characteristics of on-off ratio, retention, and endurance have also improved in the opti-
mizations mentioned above. This is because device optimizations tend to enhance overall performance
instead of improving only certain aspects.

4 Applications based on emerging nonvolatile memory devices

The chip technology of in-memory computing aims to transform the traditional computing-centric ar-
chitecture into a data-centric architecture. It directly uses memory for data processing to completely
eliminate the von Neumann bottleneck. This is especially suitable for large-scale parallel computing tasks
such as deep learning neural networks. In 2016, the RRAM was proposed to build a deep learning neu-
ral network given the in-memory computing architecture, which has received extensive attention [196].
Test results demonstrate that the network can lower the power consumption by about 20 times and
increase speed by about 50 times compared to traditional solutions based on the von Neumann archi-
tecture. Memristor has multi-bit characteristics and can realize vector-matrix multiplication based on
similar principles. The in-memory computing based on memristors can be divided into several aspects:
logic operations using binary memristors, analog computing using analog memristors and other types of
in-memory computing [14, 15, 197]. This chapter mainly introduces the application of in-memory com-
puting in four aspects, including artificial neural network (ANN), spiking neural network (SNN), logic in
memory and hardware security.

4.1 Artificial neural network

ANN is utilized to simulate the structure and function of a biological neural network and has been
applied successfully in a broad range of signal-processing problems [198–200]. Since the ANNs can
process information in parallel, the tasks such as classification, pattern recognition, and decision-making
can be carried out [201–203]. The ANNs can be divided into two basic classes based on the types
of interconnections: feed-forward ANNs where information flows one-way from the input to output, and
recurrent neural networks (RNNs) where part of the information flows back. Perceptron and convolutional
neural network (CNN) belong to the feed-forward ANNs [204, 205]. Next, we will introduce the fully
connected network, CNN and RNN in detail.

4.1.1 Fully connected network

The fully connected network is the most fundamental feed-forward neural network forming the basis of
many ANNs and, in its vanilla form, constitutes the classification layers in other networks. Below, we
summarize a few studies on perceptron implemented using a variety of devices [201].

Using the HZO interface-type RS synapse, Lu et al. [52] simulated a 3-layer perceptron in recognizing
MNIST handwritten digits (Figure 29(a)). This network was trained using the sparsified back-propagation
(SBP) algorithm, which, due to its selective weight update strategy, improved the speed-energy efficiency
(Figure 29(b)). Coupled with the exceptional uniformity characteristic of the non-filamentary switching
device, this network maintained a high recognition accuracy. The algorithm also helped in distributing
high updating rates throughout the crossbar (Figure 29(c)), subsequently preventing excessive degra-
dation of the devices. Yang et al. [62] utilized 3-terminal TaOx synapses in a single-layer perceptron
simulation. Since the third terminal was able to regulate the growth dynamics of the conducting fila-
ment, it provided control over the learning rate of the entire neural network (Figure 29(d)). This feature
augmented the functionalities of the synapse in addition to the usual multiply-accumulate (MAC) accel-
eration of crossbar arrays. The ability to control the learning rate is crucial as a gradually decreasing
learning rate was shown to improve network performance (Figure 29(e)), in this case, the MNIST recog-
nition task.

Yao et al. [206] presented an optimized synapse based on the TaOx/HfAlyOx material stack, in which
the HfAlyOx switching layer was essentially a HfOx/AlOy laminate structure. The 1T1R synapse ex-
hibited improved analog switching behavior which was a huge step towards realizing neural networks.
The authors implemented a single layer perceptron in classifying faces of 3 persons from the Yale Face
Database, trained using batch learning rules (Figure 29(f)). Compared to the non-write-verify scheme
during training, the write-verify scheme offered better converging speed, energy efficiency, and accuracy



Cheng C D, et al. Sci China Inf Sci December 2021 Vol. 64 221402:26

(a) (b) (c)
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Figure 29 (Color online) (a) A schematic of the 3-layer fully-connected perceptron network. (b) An example of the SBP algorithm

versus the traditional BP algorithm. (c) The distribution of the weight updating rate. Ref. [52] @Copyright 2020 John Wiley and

Sons Inc. (d) A schematic of the crossbar with a modulatory terminal. (e) The error rate in MNIST classification with 3 different

learning rates. Ref. [62] @Copyright 2017 John Wiley & Sons, Inc. (f) The training flowchart for the face classification of 3 persons

(a total of 9 input faces) under either the Delta rule or the Manhattan rule. Ref. [206] @Copyright 2017 Springer Nature.

at the expense of a more complex control circuit. To the best of our knowledge, this hardware-based
system was one of the earliest studies in physically realizing a neural network.

Li et al. [207] explored in situ training in their HfO2 memristor crossbar array by stochastic gradient
descent (SGD) instead. Their approach involved reading out the current of each column in the crossbar
after a multiply-accumulate operation and then performing signal conversions, activations, and the error
backpropagation in software based on the measurements (Figure 30(a)). The synaptic weights were then
physically updated in the crossbar. This training paradigm allows the network to adapt to the non-
ideal hardware, crucial for improved performance (Figure 30(b)). The authors demonstrated MNIST
digit classification using a 2-layer fully connected network and the proposed training paradigm. Despite
achieving an accuracy of only 91.71%, simulations suggested substantial improvement using a larger
network. This paved the way for realizing large memristor-based neural networks.

To improve classification accuracies under in situ training, Ambrogio et al. [208] proposed combining
non-volatile PCM with volatile capacitive storage within a synaptic cell (Figure 30(c)). By applying
different scale factors on the read current of the cell, the PCM pair was assigned a higher significance and
the capacitive storage otherwise, thus increasing the dynamic range. Only the lower significance pair was
updated during training. Transferring of weights from the lower significance pair to the higher significance
pair was done occasionally and periodically. Overall, this method improved the linearity and symmetry
of weight updates. Besides, the authors tackled variations arising from fixed device asymmetry using
polarity inversion, that is by alternating between charging (discharging) and discharging (charging) of the
capacitor to represent weight increase (decrease) between transfers. They further demonstrated MNIST
and MNIST-backrand classification tasks on 3-layer fully connected networks (or 4-layer, depending on
the definition of a layer). They also performed CIFAR-10 and CIFAR-100 classification tasks using
transfer learning, retraining only the fully connected layer of a pre-trained CNN. The accuracies were
similar to software-based networks. All operations were simulated, except for the reading and tuning
of each PCM conductance. Nevertheless, the authors envisioned a full hardware implementation in the
future.

A rectified memristor equipped with both VTS and multilevel non-volatile switching capability can act
as a filter similar to the ReLU activation function. Wang et al. [209] simulated a 3-layer self-activation
neural network (SANN) wherein the crossbar array simultaneously performed the activation operation
and the MAC operation (Figure 30(d)), further reducing the area and energy consumption of the CMOS
activation circuits. The training process needed modification such as adding a bias for the activation
function because the order between the MAC operation and the activation operation was effectively
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Figure 30 (Color online) (a) The in situ training flowchart. Green boxes were done in the crossbar array, while the orange boxes

were done in software but could be realized in circuits integrated together with the crossbar according to [207]. (b) In situ training

was proven to be more defect-tolerant than ex situ training. Ref. [207] @Copyright 2018 Springer Nature. (c) A schematic of the

synapse combining PCM (G+, G−) and capacitive storage (g, gshared), in which gshared is shared between multiple synapses in the

same row. Ref. [208] @Copyright 2018 Springer Nature. (d) A schematic of the SANN with an illustration of the working of a

single neuron. Ref. [209] @Copyright 2020 IEEE. (e) The schematic of the ferroelectric capacitors based network in the sampling

phase and the computing phase. Ref. [210] @Copyright 2019 IEEE.

reversed. Nevertheless, this architecture attained an accuracy comparable to the conventional 1T1R
crossbar with CMOS activation modules on the MNIST database.

Apart from RS devices, Zheng et al. [210] simulated a single-layer perceptron based on ferroelectric
capacitor synapses in a switched capacitor circuit (Figure 30(e)). Despite achieving only 78.28% accuracy
on the MNIST recognition task due to the lack of optimizations, the minimal static power consumption
of capacitor-based circuits is very desirable for energy-efficient systems.

It is worth noting that several non-idealities in defect-based (vacancies) RRAM devices such as time-
dependent variability (TDV) [211] and early-stage resistance fluctuations (ERF) [212], and their impact
on pattern recognition of the RRAM-based neural networks has been discussed. Results showed that
network performance can degrade seriously; hence future network implementations based on these devices,
for instance, in [62, 209] should consider the proposed mitigation strategies in [211, 212]. Although these
non-idealities were studied using multi-layer perceptron, they are intrinsic to the devices themselves and
thus should be taken into account in other networks.

4.1.2 Convolutional neural network

CNNs have found a niche in image processing for computer vision. However, some fields, such as the
self-driving car industry, demand stringent requirements on the efficiency of computer vision systems.
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(a) (c)(b)

(d)

Figure 31 (Color online) (a) and (b) Schematics of the fully-connected layer and the convolution/pooling layer, both having a

same array structure. (c) A neuron implemented using a transimpedance amplifier. (d) The NFCA-CNN for MNIST classification.

Ref. [156] @Copyright 2019 John Wiley & Sons, Inc.

Hence, implementing CNNs using the in-memory computing paradigm is extremely important [202,203].
Xiang et al. [156] proposed a universal and reconfigurable in-memory computing paradigm based on

NOR flash computing arrays (NFCA). Given the fact that convolution, pooling, and fully-connected
operations are essentially based on the same VMM [213], the same array structure can be used for each
operation (Figures 31(a) and (b)), with convolution and pooling requiring only the shift-mapping of
kernels. Therefore, by cascading the same array structure (Figure 31(d)), the authors demonstrated a
5-layer CNN using SPICE simulation and achieved 97.8% accuracy on the MNIST database, which is
comparable to the CPU-trained counterpart.

Wang et al. [214] utilized a crossbar with TaOx memristors in the 1T1R structure to construct their
CNN. In their approach, convolution kernels were unrolled into respective 1D vectors and positioned
side-by-side in the crossbar array, allowing for parallel multiply-accumulate operations between a single
input and multiple kernels. The shifting of kernels over the input was done simply by changing the input
vectors being fed into the crossbar array. The training process was carried out in situ to accommodate for
hardware non-idealities. The authors realized a 5-layer CNN for recognizing MNIST digits. In addition,
they demonstrated a convolutional long short-term memory (LSTM) network for classifying MNIST digit
sequences, showcasing the possibility of sharing weights spatially and temporally.

Using multiple 2048-cell crossbars of material stack TaOx/HfOx memristors and a similar method of
flattening and arranging convolution kernels (Figure 32(a)), Yao et al. [215] demonstrated MNIST digit
recognition in a 5-layer CNN and achieved an accuracy of more than 96%. They proposed a different
training scheme to overcome hardware non-idealities (Figures 32(b) and (c)). The training was performed
ex-situ in software before mapping the weights into the crossbar. Subsequently, only the fully connected
layers were retrained in situ to adapt to hardware imperfections in all layers. To address the speed
mismatch between the slower convolution layers and the faster fully-connected layers, the authors ran the
CNN again but with 3 replicated parallel convolvers. Most importantly, the various techniques presented
apply to other networks for overall performance gain.

The CGST PCRAM chip mentioned above was utilized to implement VGG-16 and LeNet-5 CNNs,
which achieved 90% accuracy on CIFAR-10 and 98% accuracy on MNIST [69]. The convolution layers
were trained by transfer learning, while the fully-connected layers were trained on the PCRAM chip using
an optimized direct feedback algorithm (DFA). The algorithm was modified by merging independent error-
propagating random feedback matrices into one (Figure 33(a)). This feedback matrix was generated using
the intrinsic stochasticity of the PCRAM cells via G-B mapping and was stored in the PCRAM array
itself, thereby eliminating the need for random number generators and external memory (Figures 33(b)
and (c)). Moreover, the authors proposed either to use a differential pair of PCRAM cells for each weight
or to periodically update the averaged conductance in G-B mapping to lessen the impact of conductance
drift on the network performance.

Incorporating optical sensing features at the input of CNNs can further enhance the speed and energy-
efficiency of machine vision. Seeking to mimic color vision, Dang et al. [59] demonstrated an optical
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(a)

Figure 32 (Color online) (a) An illustration of the flattening of kernels and the side-by-side arrangement in a crossbar. Each kernel

receives a shared input during operation. (b) The simplified hybrid training flowchart. (c) An illustration of the hardware-based

CNN under this training approach. Ref. [215] @Copyright 2020 Springer Nature.

(a)
(c)(b)

(d) (e)

Figure 33 (Color online) (a) An illustration of the conventional DFA versus the optimized DFA. (b) The schematic of in-PCRAM

error-computing. (c) The G-B mapping procedure: the mapping relationship between the conductance G and the feedback matrix B.

Ref. [69] @Copyright 2020 IEEE. (d) The architecture of OCNN. (e) The accuracies of conventional CNN and OCNN in colored-

image recognition. Ref. [59] @Copyright 2020 IEEE.

CNN (OCNN) via simulation based on the previously mentioned W/MgO/ZnO/Mo optic-neural synapse
(Figure 33(d)). The network slightly outperformed conventional CNN in colored image recognition (Fig-
ure 33(e)).
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4.1.3 Recurrent neural network

In this subsection, the memristive implementations of three types of recurrent neural networks will be
discussed: the LSTM network, the continuous attractor network and the discrete attractor network (also
known as the Hopfield network) [204, 205].

Li et al. [216] utilized Ta/HfO2 synapses in a 1T1R crossbar structure to store synaptic weights
shared between different time steps in an LSTM network to accelerate matrix multiplications during
both forward and backward passes (Figure 34(a)). The synapses were trained within the crossbar to
capture and compensate for hardware imperfections. In the process, the weight updates were calculated
and then fed to the crossbar using off-chip electronics. Besides, the gates of the LSTM and the nonlinear
activations were software-based. The authors demonstrated airline passenger prediction (regression task)
and human identification based on gait (classification task) using 2-layer RNNs (Figures 34(b) and (c)),
a proof of concept for realizing networks with different structures and configurations in a crossbar array
to reduce latency and power consumption.

Wang et al. [217] investigated a memristor-based implementation of the discrete attractor network
(Figure 34(d)). Taking an online and unsupervised approach, the network was trained following the Oja
rule. In contrast to training with the Hebbian rule, the memory capacity and the anti-noise ability of
the network improved considerably. Furthermore, the authors did pioneering work on implementing a
memristor-based continuous attractor network via simulation. Moreover, the impact of noise and device
non-idealities on these networks was also studied. The intensive vector-matrix multiplication operations
in these networks were computed directly by the crossbar, while the transpose of the weight matrix
required by the learning rule was done simply by inverting the input and output ports, both of which
underscored the advantage of using memristive in-memory computing.

On the other hand, Yang et al. [218] experimentally demonstrated a memristive optimizer based on the
Hopfield network using TaOx memristors (Figure 34(e)). The optimization process started with a chaotic
searching to help the system escape local optima before gradually stabilizing and converging towards
the global optimum (Figure 34(f)). The transient chaos was realized by setting a non-zero self-feedback
weight to the devices on the diagonal. In subsequent iterations, these weights were ramped down to
facilitate convergence (Figure 34(f)). Instead of using carefully designed voltage pulses to update these
weights, the authors exploited the nonlinear depression curve of the memristors (Figure 34(g)) and opted
for simple identical voltage pulses. This optimizer was applied to find the minimum of the sphere and
Matyas function, and to search for the best solution to the Max-cut issue and the 10-city traveling
salesman problem.

Meanwhile, Cai et al. [219] utilized 1T1R TaOx memristors in their Hopfield network to solve binary
max-cut problems of various sizes. The authors highlighted the feasibility of leveraging intrinsic noise
such as dynamical noise due to conductance fluctuations of the memristors and read noise due to non-ideal
crossbar arrays. Hysteretic threshold function was chosen to mimic simulated annealing in modulating
the intrinsic noise. Interestingly, this was implemented using a simple comparator-based circuit while
achieving performance similar to using the costly simulated annealing. Furthermore, the authors also
showed the existence of an optimal noise level for attaining the maximum probability of arriving at the
optimal solution (Figures 35(a) and (b)) and the fact that intrinsic noise is less than the optimal noise
in arrays of sizes up to over 1000. Thus, they envisioned solving very large max-cut problems with the
proposed technique.

Using similar 1T1R TaOx devices, Lu et al. [220] also studied the effect of intrinsic read noise in
memristive Hopfield network while tackling the traveling salesman problem. They included the mea-
sured statistics of read noise in the crossbar array in their simulation study and found a trend similar
to that in the previous work. The success probability peaked at an optimal noise level. Although larger
read noise increases the diversity of solutions and, consequently, the chances of arriving at better solu-
tions, the optimal noise level proved to be the best in terms of time and energy required (Figures 35(c)
and (d)).

4.2 Spiking neural network

Although ANNs have proven to be successful in tasks that are otherwise hard to solve using the con-
ventional computing paradigm, they encode information using continuous real values, which differs from
our efficient nervous system. On the contrary, SNNs use spike-based coding inspired by their biological
counterpart. Therefore, they have far superior energy efficiency as well as the ability to code a higher
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Figure 34 (Color online) (a) A data flow diagram of the memristor-based LSTM network. (b) 2-layer LSTM network with 15

LSTM units and 1 output unit for regression. (c) 2-layer LSTM network with 14 LSTM units and 8 FC output units for classification.

Ref. [216] @Copyright 2019 Springer Nature. (d) A schematic of the discrete attractor network implemented using memristors.

Ref. [217] @Copyright 2020 John Wiley & Sons, Inc. (e) A schematic of the Hopfield network with self-feedback weights (diagonal

devices) and the evolution of these weights in terms of memristor conductance. (f) An illustrative comparison between decreasing

chaos and fixed chaos, in which the former facilitates the search for the global minimum (yellow) while the latter fails to converge

in the end (blue). (g) The LTP and LTD of the TaOx based memristor. Ref. [218] @Copyright 2021 The American Association for

the Advancement of Science.

density of information within a spike train [221, 222]. To get the most out of SNNs, researchers have
explored various hardware implementations of these networks. Herein, we review several notable works.

Xiang et al. [223] simulated a spiking LeNet-5 based on a NFCA tasked with MNIST handwritten
digit recognition (Figure 36(a)). The weights were trained on a non-spiking CNN by back-propagation
before being mapped onto the spiking network. Each neuron is comprised of an integrated circuit, a latch
comparator, and a D flip-flop. The absence of ADCs substantially reduced the chip area and the energy
consumption, while the added neuron circuitry contributed very little to these aspects (Figure 36(b)).
Although this network was much slower than the non-spiking variant, further optimization will alleviate
this problem. These results, coupled with the high classification accuracy, proved that this hardware
approach is plausible.

A 2-layer unsupervised SNN based on the L-FeFET neuron was demonstrated by Luo et al. (Fig-
ure 36(c)) [85]. The excitatory and inhibitory inputs of the neuron endowed the network with local
excitatory and lateral inhibitory features without the need for an extra inhibitory neuron layer. Using
these features in the output layer of the SNN, clustering by self-organizing map learning was simulated
(Figures 36(d) and (f)), thus mimicking the representation of features in the primate cortex. Moreover,
using only lateral inhibition, the network attained high accuracy in an inference task with winner-take-all
learning (Figure 36(e)). Due to the capacitor-less nature of the neuron and the aforementioned excitatory
and inhibitory connections, this SNN solution is highly scalable.

The information encoding strategy in spike trains determines the capability of an SNN in solving
complex tasks. Bao et al. [224] simulated a spiking correlated neural network (SCNN) comprised of
three functional layers (Figure 37(a)), wherein the spatial configuration layer (SCL) encodes spatial
information, the temporal gating layer (TGL) correlates the SCL outputs via spatiotemporal integration
with a clock signal, while the selective output layer decodes the information. This network was capable
of recognizing rotated patterns (Figure 37(b)) and identifying their rotational angles simultaneously. The
pattern types were represented by neural correlation between output spike trains, upon cross-correlation
analysis, which reveals the encoded information regarding the pattern. On the other hand, the rotational
angles were encoded as the spiking frequency of one of the output neurons. All in all, this network was
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Figure 35 (Color online) (a) An example of the effect of different noise levels in the search for the lowest energy in a Hopfield

network. (b) The effect of noise level on the energy result statistics and the probability of reaching the optimal solution. Ref. [219]

@Copyright 2020 Springer Nature. The effect of read noise level on the time (c) and energy (d) required to reach a solution. P/T

and P/Energy represent the success probability per unit time and per unit energy, respectively. Ref. [220] @Copyright 2020 IEEE.
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(c)

(b)

(d) (f)(e)

Figure 36 (Color online) (a) A schematic of the NFCA-CNN. (b) The energy and area overhead of the spiking and non-spiking

NFCA-CNN. Ref. [223] @Copyright 2020 IEEE. (c) The architecture of the leaky-FeFET SNN. (d) The connection weight topology

of the center neuron illustrating local excitation and lateral inhibition. (e) One-to-all inhibition (winner-take-all). (f) The clustering

and spatial representation of features. Ref. [85] @Copyright 2019 IEEE.

made possible by the network topology employed and the MoS2 neuristor in the TGL layer, which was
capable of integrating SCL output signals and a clock signal applied to its gates (Figure 37(c)).

Apart from implementing SNNs using 3-terminal devices as discussed above, 2-terminal devices can also
be used (Figure 37(d)). Wang et al. [225] constructed a fully memristive SNN using Ag-nanoparticle-based
diffusive memristors as neurons and HfO2 non-volatile memristors as synapses. Apart from demonstrat-
ing a simple forward convolution process with pre-programmed synaptic weights (Figure 37(e)) and the
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Figure 37 (Color online) (a) The architecture of the SCNN is comprised of a spatial configuration layer, a temporal gating layer,

and a selective output layer. (b) The input patterns (A, B, C) with 4 rotations each. (c) The MoS2 device with ionic top gate and

electronic bottom gate. Ref. [224] @Copyright 2019 John Wiley & Sons, Inc. (d) A schematic of a LIF neuron using a 2-terminal

diffusive memristor. The artificial neuron is analogous to the membrane of a biological neuron. (e) A synaptic array connected to 8

neurons. Each column is a pre-programmed convolution kernel. (f) A fully connected network receiving software-processed inputs

from the neurons in (e) for the classification of 3 different patterns. Ref. [225] @Copyright 2018 Springer Nature. (g) A schematic

of the hybrid spiking neuron. (h) A schematic of the 2-layer SNN with lateral inhibition in the first layer. Ref. [226] @Copyright

2021 Elsevier.

inherent ReLU activation of the neurons, the authors trained a simple fully connected network (Fig-
ure 37(f)) using the STDP rule with an unsupervised approach. Thanks to the design of the neuron, the
potentiation of the synapses with an input happens automatically during a firing event without the need
for external circuitries. Nevertheless, the simple circuit requires software-based pooling operation and
signal conversion in addition to lateral inhibition and depression of synapses by a microcontroller.

By introducing digital components into the basic memristive neuron circuit, Zhang et al. [226] realized
a hybrid spiking neuron featuring active spike output in addition to in situ potentiation and depression
of synapses (Figure 37(g)). Besides, this neuron conveniently enables lateral inhibition in SNNs using
a pre-programmed array instead of microcontroller units. The authors built a 2-layer SNN from Ag-
nanoparticle neurons and HfO2 synapses (Figure 37(h)). The network performed simple digit recognition
in which the first layer was trained in an unsupervised fashion with a winner-take-all rule and a lateral
inhibition process. On the other hand, supervised learning simply by controlling the shared gates of the
synapses was employed in the final layer. This full-featured neuron represents a possible path towards
realizing larger and deeper fully hardware-implemented SNNs.

Other than the Ag diffusive memristor, neurons featuring the NbOx Mott device have also been uti-
lized in SNNs. A fully memristive SNN utilizing only 2-terminal devices which were NbOx volatile
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Figure 38 (Color online) (a) A schematic of the 3-layer SNN for image classification. (b) Coincidence detection. (c) The 1D

unidirectional network for receptive field remapping. Ref. [227] @Copyright 2020 Springer Nature. (d) A schematic of the 1T1R

neuron. (e) An illustration of a neuron crossbar with integrated 3D synaptic array, the outputs of 10 simulated parallel tasks and

the voltage-to-frequency ReLU function of the neuron in (d). Ref. [228] @Copyright 2019 IEEE. (f) A schematic of the single-spiking

neuron for temporal coding. (g) Every neuron fires only once. The firing delay encodes the corresponding pixel value. (h) The

response of each output neuron. Ref. [229] @Copyright 2020 IEEE.

memristors as spiking neurons and TaOx non-volatile memristors as synapses was presented by Duan et
al. [227]. The devices were monolithically integrated to form an SNN. Offline learning, as well as online
learning using a simplified δ-rule, was experimentally demonstrated on the network to recognize simple
patterns. Besides, the authors simulated a 3-layer SNN in classifying MNIST handwritten digits, trained
using back-propagation (Figure 38(a)). Furthermore, a large-scale coincidence detection application was
also simulated, in which the network fired spikes upon detecting synchronous input spiking events (Fig-
ure 38(b)). The authors also simulated receptive field remapping via multiplicative gain modulation in a
one-dimensional network (Figure 38(c)). This is crucial for a more stable artificial visual system.

Zhang et al. [228] reported a conversion-based rate-coded single layer SNN using NbOx-based neurons
(Figure 38(d)). The training was done in software by incorporating the extracted ReLU-like statistical
spiking rate versus input gate voltage relationship in addition to the membrane potential of the LIF
neuron. High conversion accuracy from software to hardware was attained. In addition, the authors also
put forward the possibility of a neuron crossbar owing to the 1T1R structure. By integrating it with a
3D synaptic array, parallel multitasking can be achieved (Figure 38(e)).

Recently, Zhang et al. [229] also introduced a single-spiking NbOx-based LIF neuron taking advantage
of fast and energy-efficient temporal coding (Figure 38(f)). In their approach, information is encoded in
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Figure 39 (Color online) Comparison of in-memory computing performance based on emerging nonvolatile memory devices

(a) for inference and (b) for training.

the spiking latency, meaning that the input spike delay is dependent on the input value and the output
neuron that fires first defines the result (Figures 38(g) and (h)). To demonstrate the feasibility of such
a neuron, a single layer SNN was trained to recognize Olivetti face patterns using a supervised temporal
backpropagation algorithm, after which the trained weights were mapped into a physical synaptic array.
It is also worth mentioning that this neuron features a wider input current range and a longer lifetime
compared to its rate-coding counterpart.

Lastly, Cu-Ta/IGZO/TiN Schottky device with unipolar threshold switching exhibits intrinsic stochas-
tic dynamics, which is desirable for certain applications. Dang et al. [230] took advantage of this property
to compute the global minimum of a numerical function. The optimization problem was solved itera-
tively using a random walk algorithm. Thus, this work showcased the viability of incorporating stochastic
neurons in computing systems to enrich their processing capabilities.

For the applications of neural networks, inference and training have different requirements for device
performance. And the best performance indications that can be achieved by the different kinds of devices
for inference and training are displayed in (Figures 39(a) and (b)), respectively.

There are some challenges for the application of the neural network. The non-idealities in RRAM de-
vices such as time-dependent variability and early-stage resistance fluctuations will impact the accuracy
of pattern recognition. And the endurance of the devices will bug the implementation of in-memory neu-
ral networks, especially during frequent weight updates when training. Moreover, devices that support
high weight precision are also required to implement certain networks, which poses a challenge for mem-
ristors. Besides, while controlled noise in crossbar arrays is beneficial for various optimization problems,
attenuating it in working memory applications might improve memory retention.

And although the simulation of NOR flash shows promising results, the scaling down conundrum of
transistors does not benefit the scaling up of CNNs and ANN as a whole. Hence, emerging neuromorphic
devices is in the spotlight. While the size of simulated in-memory implementations of CNNs can reach
about 20 layers deep, physical demonstrations are still limited to very few layers due to the sensitivity of
large arrays or multiple arrays to hardware imperfections. Except this, the hardware optimizations such
as reducing device-to-device variations and IR drops due to interconnects are still required to improve
training efficiency and network performance.

As can be seen, the quest for better hardware is a universal goal towards plausible hardware-based
neural networks. It is worth mentioning that the potential of combining CNNs and recurrent connections
for more advanced applications like video processing will further tighten these requirements. And several
strategies on the algorithmic level such as the sparsified backpropagation and the ‘example triage’ selective
training method can get around this problem.

As for the application of SNN, although simulations of slightly larger networks exist, the physical
implementation is currently limited to shallow depths. Besides, only layer-by-layer basis training and
simple tasks had been demonstrated. These are due to the lack of better algorithms. Furthermore, a
neuron requires either peripheral circuitries or additional components in its circuit design to drive the
synapses in subsequent layers, thus increasing area overhead and undermining the promised benefits of
in-memory computing. This might limit the scalability of SNNs in the future. Generally, the search
for new algorithms and improved circuit design are desperately needed to implement SNNs in hardware
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Figure 40 (Color online) Based on the vertical heterosynaptic devices. (a) and (c) Operation and truth table of NAND logic and

NOT logic. (b) and (d) The implementation of nonvolatile NAND logic and NOT logic function. Ref. [62] @Copyright 2017 John

Wiley & Sons, Inc.

efficiently.

4.3 Digital logic in memory

Logic in memory as known as nonvolatile logic can effectively implement future non-von Neumann ar-
chitecture computing. And traditional CMOS logic operations are often based on a complementary
transistor. The input and output of the logic circuit are both high and low voltages which are often
accompanied by volatility, and the logic state cannot be maintained after power off. Logic based on
non-volatile memristors can solve this problem, as its logic output is the resistance of the device. And
the implementation of logic operations is realized by the transition between the HRS and LRS of the
memristor. The memristor in the array or chip can perform distributed parallel computing, which will
greatly improve the efficiency of computing [231, 232]. Such a mode of in-situ integration of logic and
memory eliminates the need for traditional computer architecture to transfer calculation results to mem-
ory or external storage, which can effectively reduce the load of frequent data transmission and the
power consumption of information processing as well as improve the speed and efficiency of information
processing.

The above-mentioned vertical heterosynaptic devices manufactured by Yang et al. [62] can implement
more efficient non-volatile Boolean logic. Figures 40(a) and (c) demonstrate the operation scheme and
truth table of NAND logic and NOT logic. Besides, the experimental implementations are displayed in
Figures 40(b) and (d), respectively. It is worth noting that the realization of NAND in a traditional
2-terminal memristor needs at least 3 logic cycles [233], while the AND logic and NOT logic in this
work were implemented in less than 2 logic cycles. This can be explained by the participation of the
modulatory terminal.

Furthermore, Xu et al. [234] realized all 16 Boolean logic in up to 3 logic cycles. The devices were
fabricated by inserting a SiO2 layer (3 nm) between two Ta2O5 layers (10 nm) to reduce the threshold
voltages (Figure 41(a)). The operation speed of the unipolar devices is displayed in Figure 41(b). Fig-
ure 41(c) shows the definition of input and output variables. It should be pointed out that the logic
functions were implemented in this work without containing selectors or diodes. Figure 41(d) demon-
strates the implementation of the XOR and NAND functions under the pulse measurements. Lastly, the
1-bit binary full adder was experimentally demonstrated with 5 unipolar devices within 8 logic cycles as
shown in Figure 41(e). Subsequently, within 6 computing steps, Yuan et al. [235] achieved a 1-bit full
adder with only 3 devices and a 2-bit multiplier with 5 devices based on bipolar memristor.
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Figure 41 (Color online) (a) TEM image of the TiN/Ta2O5/SiO2/Ta2O5/TiN device, scale bar: 10 nm; (b) RS under a single

pulse; (c) input and output variable definitions; (d) the implementation of the XOR and NAND functions under pulse measurements;

(e) the realization of a 1-bit binary full adder. Ref. [234] @Copyright 2019 John Wiley & Sons, Inc.

4.4 Hardware security

With the unprecedented development of interconnected networks, a large amount of information trans-
mitted on the networks is facing major security challenges [236]. Traditional encryption methods usually
depend on the keys stored in NVRS memory, which are susceptible to physical and side-channel attacks
to be decrypted [237, 238]. Therefore, the physically unclonable function (PUF) has attracted great at-
tention recently due to its unpredictability caused by the changes of the silicon process and the inherent
physical variety [239–241]. Memristors stand out among various emerging devices due to their potential
stochastic operation [242–244].

Encryption and decryption of information are a way to ensure information security. Novel hardware
encryption was demonstrated by Xu et al. [234] based on the unipolar memristive array as schematically
shown in Figure 42(a). The high efficiency of the unipolar devices on the realization of the XNOR
function makes it possible to construct novel encryption hardware, in which the encryption keys are
generated according to the inherent randomness of HRS to ensure information security in a simple and
effective method [245,246]. Figures 42(b)–(d) present true ciphertext of “W”, “L”, and “R” obtained by
encrypting “P”, “K”, and “U”, respectively. The recovery of “P”, “K”, and “U” was successfully realized
through the decryption process as shown in Figures 42(e)–(g).

Hamming code is one of the most famous block coding methods, which can perform error detection
and correction on data blocks [247]. By design, this algorithm can effectively rectify any errors caused
by noisy data transmission. As the encoded information has the smallest redundancy, called a codeword,
with a length of n bits, and the length of the parity bit is (n−k) bits, where k is the length of the message
expected to be encoded [248], the Hamming code has lower space overhead and makes the message more
secure.

Sun et al. [249] experimentally demonstrated hardware error corrections based on a network of unipolar
memristors as shown in Figure 43(a). And Figures 43(b) and (c) displayed the output syndrome vectors
z, which is (0 0 0) or (1 1 1) respectively when the corresponding input codeword is 1111111 or 1100111.
The results indicate that this network has the ability to correct errors.

True random number generators (TRNGs) are critical for the applications in encryption [246, 250].
Zhang et al. [251] utilized an alternate reading scheme in the TRNG circuit to improve the unbiasedness
of the random numbers. The response time of the TaOx based memristors utilized in this work is almost



Cheng C D, et al. Sci China Inf Sci December 2021 Vol. 64 221402:38

(a)

(c)(b) (d)

(f)(e) (g)

Figure 42 (Color online) (a) SEM of 16 × 16 memristive array, scale bar: 40 µm; (b)–(d) The encryption of “P”, “K”, and “U”

produces the ciphertexts of “W”, “L”, and “R”; (e)–(g) The decryption of “P”, “K”, and “U”. Ref. [234] @Copyright 2019 John

Wiley & Sons, Inc.

(b)(a)

(c)

Figure 43 (Color online) (a) Schematic of the network for Hamming code error correction; the corresponding states for three

memristors as the input codeword is (b) 1111111 and (c) 1100111. Ref. [249] @Copyright 2019 IEEE.

30 ns as shown in Figure 44(a). And Figure 44(b) shows a good endurance of the device, which guarantees
the length of the generated bitstream. As the HRS of the device is sensitive to the location where the CF
breaks, it is more stochastic and unpredictable than the LRS [252]. The circuit diagram of the TRNG is
depicted in Figure 44(c). Furthermore, an alternate reading scheme was put forward, where the polarity
of VR is reversed in each cycle. Under the alternating read schemes, the endurance of V ′

out in the circuit
is more uniform at about 23000 bits (Figure 44(d)). As displayed in Figures 44(e) and (f), the bitmap
of Vout under the proposed read scheme has a less dark area, indicating the superior unbiasedness of the
alternating read scheme.

Subsequently, a novel physically transient TRNG based on MgO switching device was realized by
Dang et al. [253]. With the connection of two VTS memristors, the circuit of RNG was built as shown
in Figure 45(a). It should be noted that due to the volatility of the devices, there is no need to perform
a reset process in each cycle, which greatly simplifies the operation of the circuit. Figure 45(b) shows
the generation of a random bitstream in 19 bits in detail. TRNGs have a wide range of applications.



Cheng C D, et al. Sci China Inf Sci December 2021 Vol. 64 221402:39

(e)
(c)

(a)

(f)(d)(b)

Figure 44 (Color online) (a) Pulse respond behavior; (b) endurance property; (c) circuit diagram of the TRNG; (d) the endurance

of V ′

out; (e) and (f) the bitmap of Vout with 146 × 146 random bits in conventional read scheme and proposed read scheme,

respectively. Ref. [251] @Copyright 2017 Elsevier.
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̟

̟

Figure 45 (Color online) (a) Circuit diagram of the RNG; (b) the generation of random bitstream in 19 bits; (c) schematic of

the computing module for calculation of the π value; (d) the result of calculated π values. Ref. [253] @Copyright 2019 IEEE.

And the Monte Carlo calculation module based on two TRNGs shown in Figure 45(c) has the ability to
calculate π value (Figure 45(d)) [252, 254].

5 Remaining challenges and outlook

Here we have given an overview of recent developments in in-memory computing based on emerging non-
volatile memories. Although there have been encouraging progress in in-memory computing architecture,
there are still many remaining challenges. The first challenge lies in the scale of on-chip memory com-
pared with that of the neural network models. Nowadays the size of the neural network model doubles
every 3.4 months so that the capacity of on-chip memory must be further increased in order to efficiently
support the advanced neural network applications. The second challenge is that all the existing devices
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for in-memory computing architecture have their shortcomings, and a perfect device is not present yet.
Therefore, further device engineering is still needed to better support the application. The third chal-
lenge is that besides device optimizations, extensive efforts need to be devoted to optimizing the interface
circuits between the digital controlling circuits and the analog MAC arrays, otherwise the advantage of
in-memory computing may be compromised. A possible future direction in further enhancing the effi-
ciency of the system might be to utilize memristors not only for weight elements or synapses but also for
output neurons, therefore exploiting memristors to their full potential.

It is worth noting that the requirements on device performance for inference and training are very
different, and the optimization of the device should be implemented with reference to the particular
application. In order to do inference, the most important requirements are high weight precision to
guarantee network performance, long retention in the storage of weight parameters, low read energy,
and low device variations. In stark contrast, training requires high linearity and high symmetry when
modulating the state of the weight element and high endurance, because the devices need to be updated
much more frequently than inference, and the devices need to be written fast with low programming
energy. Certainly, both inference and training have common requirements in fast read and high device
yield, but overall it is obvious that training is more demanding than inference.

Currently, a perfect device that can meet all the above requirements is not yet present. Embedded
flash has low write speed, high write energy, and low endurance, which means it is not suitable for
training. RRAM, PCM, and MRAM are attractive high-performance device technologies for in-memory
computing, and they all fall into the general category of memristors. RRAM suffers from variation issues.
PCM also suffers from variation issues, and it has low linearity and symmetry. MRAM has a small on/off
ratio, despite the best endurance. Recently, FeFET has also been studied for in-memory computing and
has shown ultralow power, but its endurance is still a problem. In order to support big AI models, the
on-chip memory capacity needs to be as big as possible. While flash almost stops scaling, all the other
device technologies have reached 20 or 22 nm nodes and have the potential in scaling to more advanced
nodes. Therefore, we believe with continued device optimization and integration, in-memory computing
based on emerging nonvolatile memories could have a great prospect in enabling edge platforms and
mobile devices with high intelligence and energy efficiency.

Acknowledgements This work was supported by National Key R&D Program of China (Grant No. 2017YFA0207600), National

Natural Science Foundation of China (Grant Nos. 61925401, 92064004, 61927901), the Project supported by PKU-Baidu Fund

(Grant Nos. 2019BD002, 2020BD010), and the 111 Project (Grant No. B18001). Yuchao YANG acknowledges the support from

the Fok Ying-Tong Education Foundation, Beijing Academy of Artificial Intelligence (BAAI), and the Tencent Foundation through

the XPLORER PRIZE.

References

1 Wulf W A, McKee S A. Hitting the memory wall: implications of the obvious. ACM SIGARCH Comput Archit News, 1995,

23: 20–24

2 Horowitz M. Computing’s energy problem (and what we can do about it). In: Proceedings of IEEE International Solid-State

Circuits Conference (ISSCC), 2014. 10–14

3 Backus J. Can programming be liberated from the von Neumann style? Commun ACM, 1978, 21: 613–641

4 Merolla P A, Arthur J V, Alvarez-Icaza R, et al. A million spiking-neuron integrated circuit with a scalable communication

network and interface. Science, 2014, 345: 668–673

5 Waldrop M M. The chips are down for Moore’s law. Nature, 2016, 530: 144–147
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