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Abstract 

Artificial neural networks (ANNs), inspired by the human brain’s network of neurons and synapses, enable computing 
machines and systems to execute cognitive tasks, thus embodying artificial intelligence (AI). Since the performance 
of ANNs generally improves with the expansion of the network size, and also most of the computation time is spent 
for matrix operations, AI computation have been performed not only using the general-purpose central process-
ing unit (CPU) but also architectures that facilitate parallel computation, such as graphic processing units (GPUs) 
and custom-designed application-specific integrated circuits (ASICs). Nevertheless, the substantial energy con-
sumption stemming from frequent data transfers between processing units and memory has remained a persistent 
challenge. In response, a novel approach has emerged: an in-memory computing architecture harnessing analog 
memory elements. This innovation promises a notable advancement in energy efficiency. The core of this analog AI 
hardware accelerator lies in expansive arrays of non-volatile memory devices, known as resistive processing units 
(RPUs). These RPUs facilitate massively parallel matrix operations, leading to significant enhancements in both per-
formance and energy efficiency. Electrochemical random-access memory (ECRAM), leveraging ion dynamics in sec-
ondary-ion battery materials, has emerged as a promising candidate for RPUs. ECRAM achieves over 1000 memory 
states through precise ion movement control, prompting early-stage research into material stacks such as mobile 
ion species and electrolyte materials. Crucially, the analog states in ECRAMs update symmetrically with pulse num-
ber (or voltage polarity), contributing to high network performance. Recent strides in device engineering in planar 
and three-dimensional structures and the understanding of ECRAM operation physics have marked significant pro-
gress in a short research period. This paper aims to review ECRAM material advancements through literature surveys, 
offering a systematic discussion on engineering assessments for ion control and a physical understanding of array-
level demonstrations. Finally, the review outlines future directions for improvements, co-optimization, and multidisci-
plinary collaboration in circuits, algorithms, and applications to develop energy-efficient, next-generation AI hardware 
systems.
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1  Introduction
In the Internet of Things era, the world is increasingly 
interconnected through electronic devices, thanks to 
advances in the semiconductor industry [1]. The surge 
in data has led to the adoption of artificial intelligence 
(AI) technologies, particularly from a software perspec-
tive [2, 3]. Notably, artificial neural network (ANN) algo-
rithms, inspired by the human brain’s structure with its 
vast network of neurons and trillions of synapses, have 
been introduced [4–6]. The performance of ANNs typi-
cally improves  with the increasing size of networks. In 
ANN, vector–matrix operations are  essential and per-
formed  iteratively [7, 8]. Researchers expect that the 
implementation of parallelism in vector-matrix opera-
tions will efficiently handle the computational loads of 
neural networks.

With the advancement of AI, the need for specialized 
hardware to perform  large-scale vector-matrix opera-
tions has emerged. Computations have been conducted 
utilizing central processing units (CPUs), graphics pro-
cessing units (GPUs), or application-specific integrated 
circuits (ASICs)  [9, 10]. CPUs, resembling general-pur-
pose processors, have a limited number of cores and 
focus on rapid, specific data processing tasks [11]. GPUs 
are tailored for mass integration and offer performance 
benefits for tasks divisible into multiple cores for paral-
lel processing [12]. Thus, AI computations specializing 
in certain calculations have progressively adapted to 
GPUs [9, 13]. However, since GPUs (and CPUs) aim to 
perform computations as swiftly as possible, the result-
ing data must be periodically transferred to a storage 
memory area [14]. A system-level analysis of AI work-
loads indicates that the majority of energy consumption 
is attributed to the data transfer process, rather than the 
computation itself [7, 8, 15].

The von Neumann bottleneck, a well-known issue  in 
digital computing, can be mitigated through the imple-
mentation of a cross-point array architecture  using 
analog non-volatile meomory. This architecture places 
memory units at the intersections of vertically intersect-
ing input and output lines. When addressing multiple 
input voltages simultaneously, each memory element’s 
conductance multiplies the input voltage, producing a 
current as output. These outputs are then aggregated in 
the column, allowing the resultant current from matrix 
multiplication to be detected at the output line’s end. 
This architecture, where AI computations occur at the 
memory’s physical location, significantly reduces energy 
consumption by minimizing data transfer. Processing-in-
memory (PIM) or in-memory computing technologies, 
employing this method, have shown remarkable efficacy 
in accelerating AI algorithms, particularly in pattern rec-
ognition tasks [16]. Numerous studies have demonstrated 

the energy efficiency of hardware chips using static ran-
dom-access memory (SRAM) as the synaptic element, 
attributed to its rapid access and low latency. Beyond 
this innovative PIM architecture, computing efficiency 
could be further enhanced by developing a suitable resis-
tive processing unit (RPU) for scalable analog synapses. 
The limitation of SRAM is its binary storage capacity (’0’ 
and ’1’), necessitating continuous power to maintain lim-
ited data, which leads to significant energy consumption. 
Additionally, with the aggressive miniaturization of sili-
con transistors, SRAMs, which require six or eight tran-
sistors per unit, consume a substantial footprint [17–20].

In this context, RPU, a novel dedicated AI accelerator 
employing non-volatile resistive memory, has been pro-
posed for highly efficient and scalable computing across 
various AI and machine-learning applications [21]. The 
RPU, which uses a variable resistance device, operates 
both as memory and processor. This dual functionality 
is inspired by the neuromorphic structure of the human 
brain, where storage and processing occur concurrently. 
Each RPU thus acts as the smallest computational unit, 
combining the GPU’s parallel computation capabilities 
with memory functions. An RPU tile, formed by integrat-
ing a cross-point array with peripheral circuits, enables 
parallel operations through a matrix configuration of 
numerous RPUs, as depicted in Fig.  1. Recent advance-
ments in neuromorphic research, including the develop-
ment of a chip composed of several RPU tiles designed 
specifically for AI, have shown potential in accelerating 
computations. Consequently, to build an energy-efficient 
AI accelerator surpassing GPUs, real RPU elements capa-
ble of simultaneous storage and processing are essential. 
These elements, termed analog memories, must meet 
several criteria, as outlined in Fig.  2: adequate analog 
states for storage capacity, high on/off ratio for noise 
robustness, linearity and symmetry for precise calcula-
tions, rapid switching speeds, endurance for repeated 
computations, retention for long-term value mainte-
nance, and yield and variation considerations [22]. Addi-
tional factors, such as operating system compatibility and 
semiconductor manufacturability, also warrant consid-
eration. Therefore, selecting suitable candidates from the 
myriad of resistive memories was the initial step of this 
study.

Several candidate  device technologies have been 
explored  for use as RPU, representatively  includ-
ing magnetoresistive random-access memory 
(MRAM),  phase-change random-access memory 
(PCRAM) and  resistive random-access memory 
(ReRAM). MRAM, having achieved technological 
maturity, is now ready for mass production and com-
mercialization [23–27]. The operation mechanism 
of MRAM originated from the spin orientation in 
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magnetic materials, offers the significant advantage of 
high-speed switching. However, MRAM’s limited num-
ber of states and relatively low on/off ratios need to 
be improved for high-performance RPU applications. 

Therefore, we have discussed exploring alternative can-
didates to fully unlock the potential of AI accelerators.

Significant research has been conducted on phase-
change random-access memory (PCRAM) and its 

Fig. 1  System hierarchy for neuromorphic accelerator chip

Fig. 2  Synaptic device requirements in neuromorphic system
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potential uses [28–30]. In crystalline chalcogenide mate-
rials, the controlled melting and quenching processes 
can steadily expand or shrink a specific area’s volume, 
allowing for multiple resistance states, achieving up to 
three bits [31]. However, a primary challenge is the high 
operating current required for the reversible change in 
the resistance of chalcogenide materials and the result-
ing heat dissipation. To tackle this issue, researchers have 
explored various approaches, such as doping to lower the 
operating current (to less than ~ 100 μA), designing novel 
confined structures to enhance heat dissipation, and 
implementing thermal management techniques. Despite 
this, the performance as an AI accelerator is limited due 
to the asymmetry stemming from the inherent abrupt 
change in PCRAM.

Research on resistive random-access memory 
(ReRAM), noted for its potential benefits including 
multi-level state capacity and symmetric operation, has 
been actively pursued, with promising system-level chip 
results reported [32, 33]. However, one of the concerns 
associated   with ReRAM devices is the stochasticity 
arising from the intrinsic random motion of atoms and 
electrons. These fluctuations in electrical characteristics 
can lead to variations in device behavior, necessitating 

further exploration of additional candidates for high-per-
formance RPU applications.

Electrochemical random-access memory (ECRAM) is 
emerging as an ideal analog memory device, capable of 
expressing and storing analog states through the elec-
trochemical movement of ions. ECRAM mimics ion 
migration between cation and anion materials in a bat-
tery, modulating various conductivities by controlling 
ion doping with an additional gate electrode connection 
[34]. As illustrated in Fig. 3a, ECRAM consists of a stack 
of channels representing conductivity, electrolytes that 
enable ion transport, and reservoirs that control the ion 
quantity. The gate electrodes are situated atop the reser-
voirs, while the source and drain electrodes are placed at 
the channel’s two ends.

ECRAM’s advantages become more evident when con-
sidering its operating principle. To program an ECRAM 
device, a voltage (or current) is applied to the gate elec-
trode, which regulates the channel’s conductivity based 
on the pulse’s magnitude and duration. Reading the 
device involves measuring the channel’s conductivity 
via electrodes at both the source and drain ends. Since 
analog memory is designed to emulate synaptic behav-
ior in the brain, we use a biological term to describe its 
operation. The synaptic connection strength between 

Fig. 3  ECRAM and ReRAM structures, operation, and ECRAM publication trends. a ECRAM structure comprises layers from bottom to top, 
including the channel, electrolyte, and reservoir layers, with horizontal read and vertical program operations. b ECRAM operation displays 
continuous potentiation and depression (top) with the amount of change for each pulse (bottom) c ReRAM structure comprises layers from bottom 
to top, including switching and scavenging layers, with the same direction for read and program operations. d ReRAM operation is the same as in b 
[39]. e Research publications related to ECRAM, which are tracked over the years
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two neurons is determined by the synaptic weight, which, 
during operation, is represented by the device’s resist-
ance, corresponding to the channel’s conductance. The 
synaptic weight can be altered, enabling potentiation 
and depression, by adjusting the channel’s conductance 
through programming. Potentiation is achieved when 
a voltage is applied, decreasing the channel’s resistance, 
increasing conductance, and strengthening the connec-
tion. Conversely, depression occurs with the application 
of an opposite polarity voltage, increasing the device’s 
resistance and weakening the synaptic connection. 
Unlike a 2-terminal device, reading and programming 
operations in ECRAM can be performed independently, 
allowing for predictable synaptic behavior and simpli-
fied control, while also facilitating low-power opera-
tion, as depicted in Fig. 3b–d. Several mechanisms have 
been suggested for this process, with the electrochemical 
movement involving steps such as the redox mechanism 
and the formation of an electric double layer. Depending 
on the underlying mechanism, ECRAM is alternatively 
known as a redox transistor, electrolyte-gated transistor, 
electrochemical transistor, nanoionic synaptic device, or 
electrochemical ionic synapse [34–38].

This review aims to highlight recent advancements in 
ECRAM technologies, grounded in an extensive litera-
ture survey. We have categorized the reported ECRAMs 
into first and second generations, distinguishing them 
based on the introduction of a solid electrolyte compat-
ible with semiconductor fabrication processes. Given 
that significant enhancements in ECRAM technology 
have been achieved using solid electrolytes, as illustrated 
in Fig.  3e, our discussion primarily centers on second-
generation ECRAM. The role of ion movement in emu-
lating analog synaptic behavior is pivotal; thus, we first 
explore the influence of mobile ion species and material 
engineering on controlling selected ions. Section 3 delves 
into the proposed model for understanding ion move-
ment mechanisms, offering insights for further improv-
ing device characteristics. Following this, we discuss 
device engineering aimed at performance enhancement, 
including research extended to the array level. We con-
clude by suggesting directions for future improvements 
to meet additional requirements and briefly touch upon 
co-optimization and collaborative efforts involving cir-
cuits, algorithms, and applications for developing neuro-
morphic systems, extending beyond materials.

2 � Materials
Performance enhancement in ECRAM is influenced by 
the integration of specific chemistry and stack architec-
ture, as it relies on both oxidation–reduction (redox) 
reactions altering the chemical valence of materials and 
ion movement through multiple films. The combinations 

of ions and stacks studied so far have yielded low sto-
chasticity and power consumption. However, they may 
not fully meet the requirements for speed, complemen-
tary metal–oxide–semiconductor (CMOS) compatibility, 
and area efficiency necessary for neuromorphic analog 
memory. The drive to address these issues has acceler-
ated research, focusing on switching speed, large-scale 
integration, and system-level operation requirements 
of ECRAM. The early development of ECRAM, enabled 
by ion-permeable liquid electrolytes and termed first-
generation ECRAM, was first reported in 2013 [40]. The 
feasibility of ECRAM, particularly in semiconductor 
fabrication processes, has been rejuvenated by selecting 
mobile ion species responsive to electric fields in solid-
state materials and identifying electrolytes that effectively 
facilitate ion movement. In this section, we review the 
historical milestones, challenges, and prospects of five 
key ion types in ECRAM: lithium-ion, oxygen-ion, pro-
ton, copper-ion, and other mobile-ion-based ECRAMs. 
Recent progress in mobile-ion technology is also exam-
ined. We then explore methods to achieve basic synap-
tic properties using simple binary oxides, considering 
CMOS process compatibility, instead of complex ternary 
materials or alternative mobile ion sources. The poten-
tial of ECRAM based on organic materials, which can 
incorporate hydrogen or sodium ions, is also discussed 
for flexible and wearable technology applications. This 
discussion provides a personal viewpoint on ECRAM’s 
future and reflects on how its evolution has facilitated 
optimization and broad consideration.

2.1 � Lithium ion‑based ECRAMs
The potential of ECRAM as a neuromorphic analog 
memory in the semiconductor industry has been revi-
talized by LISTA (Li-ion synaptic transistor for analog 
computing), inspired by Fuller’s lithium-ion battery con-
cept [34]. Unlike first-generation electrolytes, LISTA’s 
solid-state electrolyte, situated between the channel 
and reservoir, maintains Li-ion intercalation when volt-
age (or current) is applied, ensuring non-volatility even 
without an external source. The LISTA stack comprises 
three layers: Li1-xCoO2, Lithium phosphorus oxynitride 
(LiPON), and Si, functioning as the channel, solid elec-
trolyte, and reservoir, respectively. Li1-xCoO2, initially 
used in lithium-ion batteries and first reported by John 
B. Goodenough in 1980 as a lithium-ion intercalation 
material [41], provides insights into the mechanism and 
stack configuration with its 120 nm thick deposition. The 
large interlayer gap in Li1-xCoO2, facilitating lithium ion 
insertion (or de-insertion), lowers the ion escape acti-
vation energy to 0.25  eV [42]. However, for long-term 
stability and to preserve the layered structure, it’s cru-
cial to restrict the Li composition’s switching range, as 
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phase transformation can occur when x exceeds 0.5. 
The 400-nm-thick LiPON electrolyte, with high electri-
cal resistivity (> 1015  Ω  cm), is key for device stability 
and preventing self-discharge, while also ensuring stable 
retention [43]. The all-solid state nature of LiPON, typi-
cally deposited solidly using radiofrequency sputtering, 
facilitated the realization of the device. The reservoir, 
made of Si, is effective for storing lithium ions due to 
its high volumetric and gravimetric capacities, surpass-
ing lithium metal, and its average discharge voltage of 
approximately 0.4  V is suitable for maintaining an opti-
mal open circuit potential (OCP) [44, 45]. The channel’s 
conductance is stepwise modifiable, functioning as an 
analog memory, by applying a current or voltage pulse 
train to the gate electrode while grounding the source. 
A reversible and linear update of the channel conduct-
ance was verified by applying a small current of 350 nA 
with a 2  s pulse width for the read operation. Remark-
ably consistent performances were observed, achieving 
200 multi-level and 105 endurances. By optimizing the 
OCP through the gate stack, LISTA ensures reliable low-
voltage operation. Its projected energy efficiency, based 
on these features, could reach up to 0.56 aJ, assuming a 
single Li ion transfer per device’s linear scaling and no 
parasitic leakage current. This projection underscores 
the potential of Li-ion-based ECRAM, surpassing even 
the theoretical energy efficiency of the brain, and points 
towards a promising developmental direction.

It is preferable to adopt a layered structure, like 
Li1-xCoO2, for fast ion diffusion. Van der Waals bond-
ing between the planes facilitates ion diffusion, whereas 
changes in conductance are caused by modulation of 
the electronic structure through the presence of addi-
tional electrons from lithium intercalation. Through a 
faradaic reaction, the 2D α-phase molybdenum oxide 
(α-MoO3) nanosheets channel with a thickness of less 
than 18  nm formed by the mechanical-exfoliation tech-
nique can undergo reversible intercalation of Li ion. The 
solid electrolyte used is LiClO4 that have been dissolved 
in a polyethylene oxide (PEO) matrix [46]. First, a con-
ductance change ratio of up to 1700% at programming 
voltage (Vprog) = 0 and a substantial hysteresis are verified 
using a gate voltage sweep at a rate of 20 mV s−1 between 
−  1.5  V and 1.5  V in channel current (ID) dependence 
of the gate voltage curve under vacuum condition. To 
observe the analog channel conductance modulation, 
Vprog =|2.5| V with a pulse width of 10  ms was applied 
to the ECRAMs. An operating range of 42–75 nS is 
achieved after 50 pulses. The obtained cycle-to-cycle 
variations in potentiation and depression were less than 
6.5% and 9.3%, respectively. By employing 15 devices to 
estimate the device-to-device variation, it is found that to 
be approximately 12%, and the consistency was superb. 

When used in arrays, the 2D MoO3 nanosheet ECRAM 
displays an ultralow channel conductance (75 nS), which 
is outstanding in terms of energy efficiency. However, the 
mechanical exfoliation method makes it difficult to uni-
formly deposit 2D materials in a large-scale array; there-
fore, a new deposition technique needs to be developed 
(Tables 1, 2 and 3).

Nikam et al. explored the use of graphene as a method 
to achieve symmetric and linear switching [37]. While 
LiPON, previously employed as an electrolyte, shows 
promising characteristics, it has the disadvantage of pro-
ducing residual open circuit potential (OCP) due to its 
chemical reactivity and sensitivity. To address this, they 
focused on controlling the OCP and enhancing the sta-
bility of the PEO:LiClO4 electrolyte. However, a chal-
lenge arose during the material deposition process with 
the formation of a substantial electric double layer. This 
layer creates a charged ion layer, generating an electric 
field that affects ion behavior [47, 48]. Furthermore, den-
drite formation, caused by the nucleation of Li ions near 
the electrolyte interface, can lead to short circuits and 
increased device resistance, eventually resulting in device 
failure [49]. To ensure reliable device operation, a poly-
mer-based solid-state electrolyte was utilized. A thin gra-
phene buffer layer was implemented to inhibit dendrite 
formation at the interface. The inclusion of graphene 
under identical pulse conditions significantly improved 
the device’s linearity and symmetry, with the on/off ratio 
increasing by more than sevenfold.

Instead of introducing an additional layer, Lee et  al. 
attempted to improve the symmetric and linear proper-
ties of the channel current by adjusting the ion diffusivity 
via channel stoichiometry [38]. They aimed for high ion 
diffusivity through defect control as the rate-controlling 
step because the WOx channel defect determines Li-ion 
diffusivity. The highest linearity and on/off ratio were 
confirmed in the WO2.7 sample after preparing and com-
paring the WO2.2, WO2.7, and WO3 channel samples by 
adjusting the Ar/O2 flow during film deposition. This is 
because when x of the WOx material is too small, it is dif-
ficult to secure an on/off ratio because of the high initial 
conductance, whereas when x is too large, only minor 
changes are observed owing to fewer defects. In addi-
tion, a two-step voltage-pulse scheme was used to pre-
vent transient conductance changes. After the voltage 
was applied, Li-ion migration in the electrolyte was pre-
vented. These findings demonstrate that defect control in 
ECRAM can improve these characteristics.

The Li3POxSex electrolyte with a LiCoO2 channel layer 
is used in ECRAM as an alternative strategy to achieve 
high electrolyte ionic conductivity [50]. This is to con-
sider ion transport inside the electrolyte as a limiting 
step and increase the ionic conductivity by reducing the 
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activation energy for Li-ion migration to improve the 
performance. Li3PO4 has a low ionic conductivity of 10–7 
to 10–8 S cm−1[51]. The ionic conductivity of all materi-
als should be at least 10–6 S cm−1 for lithium ion-based 
nanoscale ECRAM [52]. Because Se element forms 
a weak ionic bond with Li ion when P component is 
replaced in the P-O-P bridging structure, it promotes Li 
ion conduction. The activation energy for Li-ion migra-
tion in the electrolyte was thus reduced from 0.356 to 
0.253 eV after experimental verification using a Se-doped 
Li3PO4 electrolyte. These modifications result in near-
ideal switching, which is confirmed by good linearity and 
an on/off ratio of 19.

Li et  al. used a 30  nm thick LixTiO2 channel for the 
first time to operate at low current densities and write 
voltages [53]. The selection of the programming voltage 
involves adding the OCP and reference voltage, focus-
ing on a region with low overpotential and a high rate 
of change. This process is further refined by construct-
ing the gate and channel from identical materials and 
reducing the OCV variations resulting from changes 
in Li+ concentration during weight updating. Moreo-
ver, LixTiO2 goes beyond basic doping in its capacity to 
accommodate lithium, leading to a phase transition from 
anatase to lithium titanate. This transition results in a 
substantial increase in conductance, even when the pro-
gramming voltage remains constant.

Scaling Li-ion based ECRAM devices to an area of 
300 × 300 nm2 has been reported by Tang et al. [54]. The 
channel material WO3, a well-known electrochromic 
material owing to the multivalence element of W, was 
deposited. Thus, the electrical resistivity of WO3 sharply 
changes in response to the insertion/de-insertion of ions, 
which is known to be caused by the insulator-to-metal 
transition because of the change in the number of elec-
trons in the transition metal W 5d states [55]. Tang et al. 
investigated the conductance modulation over a range 
of pulse widths to better understand the charge-driven 
programming mechanism. They show that the average 
change in conductance per pulse (ΔG) is proportional to 
pulse width (tprog) and amplitude (Iprog) while keeping the 
same programming current and identical programming 
time, respectively, meaning that redox reaction can be 
precisely controlled by the amount of charge Q as shown 
in Fig. 4a and b. An endurance test using a programming 
current (Iprog) =|100| pA pulse train with a pulse width 
of 1 s proved that there was no degradation in the sym-
metry of the 1000 conductance levels achieved, even for 
105 pulses (Fig.  4c). Furthermore, Fig.  4d highlights the 
switching that is potentiated and depressed 200 times 
with 5 ns pulses with Ig =|1| mA amplitude. On the basis 
of these measurement results, ΔG is linearly scaled in 
accordance with device size. Ultralow switching energy 

of 1 fJ can be achieved using a device with a dimension of 
100 × 100 nm2, a pulse width of 1 ns, and a ΔG of 0.01 nS 
as depicted in Fig. 4e.

2.2 � Oxygen ion‑based ECRAMs
Oxygen-ion-based ECRAM offers advantages in terms 
of CMOS compatibility. Like Li-ion-based ECRAM, it 
necessitates an electrolyte that is ionically conductive yet 
electrically insulating. Kim et  al. demonstrated the fea-
sibility of nanosecond switching in oxide-based devices 
and successfully fabricated a 2 × 2 array capable of par-
allel operation without selector/access devices [56]. A 
more detailed discussion of the array-level analysis of 
ECRAM, including operational principles and parallel 
updates, is presented in Sect. 3.3. The device comprises 
a WO3 channel, an HfO2 electrolyte, and a metal oxide 
(MO) reservoir. It is reported that applying voltage alters 
the oxygen vacancy concentration, thereby expressing an 
analog resistance state. To test fast switching, a voltage of 
4 V with a 10 ns pulse width was applied, as depicted in 
Fig. 5a. Figures 5b–d contrast Tang et al.’s previous report 
on Li-ion-based ECRAM, showing that the average con-
ductance change per pulse, ΔG, exhibits a logarithmic 
dependence on pulse width. This observation indicates 
that the charge-driven programming mechanism does 
not entirely account for the behavior of oxygen-ion-based 
ECRAM. Additionally, retention tests showed non-vola-
tile behavior with a conductance drop of 5.4% over 14 h 
post-programming, as seen in Fig.  5e. The energy pro-
jection was calculated at 100 fJ/nS, following the same 
linear trend as Tang et al.’s earlier findings, as illustrated 
in Fig. 5f. However, current evidence is not sufficient to 
conclusively support fast switching and stable retention 
characteristics, suggesting the need for further research 
into HfO2 or MO. As a starting point, oxygen-ion-based 
ECRAM research is expanding, including modifications 
to the reservoir based on the WOx channel and HfOx 
electrolyte and the incorporation of three-dimensional 
structures within the same stack.

Because oxygen ions play an important role in achiev-
ing analog switching, perovskite oxygen ionic conduc-
tors, Pr0.7Ca0.3MnO3 (PCMO), whose conductance is 
modulated by oxygen ions, have been introduced as 
alternative candidates. Lee et  al. successfully fabricated 
a PCMO-based ECRAM using an exclusive sputtering 
process [57]. Anion species in this context, due to their 
larger ionic size compared to Li ions, exhibit enhanced 
stability and reduced reactivity as they move through 
the electrolyte and channel layers [58]. When a posi-
tive gate voltage introduces an oxygen vacancy, PCMO, 
being a p-type semiconductor, demonstrates reduced 
conductivity by disrupting the Mn–O-Mn chain-based 
conduction path [59]. To evaluate the device’s switching 
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characteristics, linearity values of 0.58/− 0.86 were meas-
ured by applying − 3.75 V/1 s and + 3 V/1 s 40 times each. 
Moreover, the cycle-to-cycle variation, observed after 
repeating 40 cycles, was found to be up to 0.711%. Due 
to the lower diffusivity and increased stability of oxygen 
ions compared to lithium ions, the retention properties 
of ECRAM are advantageous, as they help prevent self-
diffusion. In ECRAM, facilitating rapid ion movement 
for weight updates across a broad range while simulta-
neously restricting it to ensure retention is crucial. This 
study’s key finding is that temperature control can effec-
tively balance these competing requirements, optimizing 
ion movement for both weight updating and retention.

Nikam et  al. managed the kinetics of oxygen ions by 
employing a Y2O3-stabilized ZrO2 electrolyte (YSZ), 
which was coordinated with a WO3 channel material [60]. 
The deposition process involved varying the oxygen par-
tial pressure during YSZ deposition to achieve stable and 
rapid switching. Conductive-atomic force microscopy 
(C-AFM) imaging was utilized to verify the tunneling 
current spike, confirming that exceptional performance 
occurred when oxygen was at 0 sccm. YSZ deposited 
in an oxygen-deficient (0 sccm) environment contains 
ample oxygen vacancies, resulting in a higher intensity of 

O2− (lattice oxygen) with low binding energy compared 
to that of O− (adsorbed oxygen) and OH− (moisture) 
with high binding energy. This condition reduces the 
energy required for ion migration. Significantly, it was 
experimentally demonstrated that high-speed and linear 
operations are achievable when the oxygen vacancies in 
the electrolyte are sufficiently and uniformly distributed.

2.3 � Proton‑based ECRAMs
Starting as an organic material, proton-based ECRAM 
is transformed over time into inorganic ECRAM. Bio-
compatibility and lower power consumption are notable 
advantages of organic over inorganic materials in the 
fabrication process [68, 69]. Poly(3, 4-ethylenedioxythio
phene):poly(styrene sulfonate) (PEDOT:PSS), a conduc-
tive polymer, has been a primary focus in the research on 
organic proton-based ECRAM. The polymerized PEDOT 
on a PSS template exhibits exceptional stability due to the 
strong electrostatic interaction between PEDOT+ and 
PSS− ions in this compound [70].

When a positive gate voltage is applied, cations (pri-
marily hydrogen) from the electrolyte are injected into 
the channel, inducing protonation. This protonation 
in the channel results in the reduction of PEDOT to 

Fig. 4  Electrical characteristics of lithium ion-based ECRAM. a Average change in conductance in accordance with pulse width while maintaining 
an identical gate current. b The average change in conductance along with pulse amplitude while keeping the same pulse width. c 105 pulses 
endurance with a 100 ns pulse width and ± 100 μA pulse amplitudes. d Switching characteristics with 5 ns pulses with an amplitude of ± 1 mA. e 
Projection of 1 fJ for switching energy, using a 100 × 100 nm2 device. a–e Adapted with permission [54].  Copyright 2018, IEEE
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maintain charge neutrality, consequently lowering the 
electrical conductivity. Conversely, applying a negative 
gate voltage triggers the reverse reaction.

van de Burgt et al. pioneered the use of PEDOT:PSS as 
the channel material in ECRAM implementation. They 
utilized Nafion, commonly known as a proton-polymer 
electrolyte membrane, for proton movement and experi-
mented with using it as a PEDOT:PSS reservoir [71]. The 
developed ECRAM demonstrated the ability to modulate 
500 conductance states at 1 V with a 6 ms pulse width. 
To determine the potential for low power and switching 
energy, key advantages of organic devices, the switching 
energy of the smallest device was calculated, yielding 10 
pJ. By approximating the switching energy, the slope was 
fitted to 390 ± 10 pJ mm−2. Therefore, for a device meas-
uring 300 × 300 nm2, the anticipated switching energy 
is about 35 aJ. Fuller et  al. further explored the use of 
ECRAM in array implementations with the same stack 
[72] (detailed in Sect. 3.2). To ensure consistent retention 
while eliminating the built-in potential, the channel and 
gate were symmetrically doped with the same material as 
in previous studies. This approach maintains the built-in 

voltage below the threshold voltage of conductive-bridge 
memory, ensuring the electrical pathway is closed off 
after programming and that the threshold voltage is 
higher than before. Additionally, the formulation ratio of 
PEDOT:PSS was varied to modify the read current, with 
the average channel conductance adjusted to 100 nS or 
less, while maintaining noise, linearity, and symmetry.

However, when protons are used as the active ions, 
proton exchange membranes are incompatible with dry 
environments because they require hydration [73]. This 
is because water evaporation occurs at a temperature of 
about 90 ℃ in electronic packaging. Melianas et  al. so 
converted the Nafion-based PEDOT:PSS channel that 
is being employed to polymer poly(2-(3,3-bis(2-(2-(2-
methoxyethoxy)ethoxy)ethoxy)-[2,2-bithiophen]-5-yl)
thieno[3,2-b]thiophene) (p(g2T-TT)) [74]. Prior to elec-
trochemical gating, the polymer p(g2T-TT) exhibited 
high resistivity, enabling a substantial dynamic conduct-
ance range expansion of more than fourfold, as well as 
reduced writing energy and faster switching. Further-
more, it showed no temperature dependence and dem-
onstrated that conductance is directly proportional to 

Fig. 5  Electrical characteristics of oxygen ion-based ECRAM. a Switching characteristics with 10 ns pulses. b Average change in conductance 
along with pulse with while maintaining the same Vprog = ± 4 V. The conductance modulation shows logarithmic dependence. c Average change 
in conductance along with programming voltage with exponential dependence while keeping the sample pulse width. d Average change 
in conductance along with programming current while keeping the same pulse width which satisfies a linear relation. e Retention characteristics 
lasting more than 14 h after programming. f Projection for switching energy per unit conductance change. Oxygen ion-based ECRAM shows 
a similar trend to that of Li ion-based ECRAM. a–f Adapted with permission [56].  Copyright 2019, IEEE
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the injected charge. Compared to PEDOT:PSS, p(g2T-
TT) exhibits superior properties, including shorter write 
pulses, a broader dynamic range, temperature resilience, 
and greater speed, attributed to its higher ΔG/ΔQ ratio.

Using quasi-2D α-MoO3 nanoflakes, Yang et  al. 
reported the first 3-terminal ECRAM [75]. 1-ethyl-
3-methylimidazolium bis-(trifluoromethanesulfonyl)
imide (EMIM-TFSI), an ionic liquid (IL), was used as the 
electrolyte. A proton-rich phase forms at the IL/α-MoO3 
interface when a positive voltage is supplied to the gate 
electrode. Surface and bulk diffusion energy barriers pre-
vent protons from entering the channel [76]. The accu-
mulated protons progressively penetrate the α-MoO3 
lattice, where electrochemical doping occurs, since the 
bulk diffusion barrier is significantly lower. These protons 
were adsorbed onto the oxygen sites in the top layer of 
the nanoflake, enhancing the channel’s conductivity and 
simultaneously increasing the electron density in the 
α-MoO3 conduction band [77]. By employing 50 potenti-
ation and depression pulses, each with a 1 ms pulse width 
at + 2.5 V and -1.8 V, the feasibility of conductivity modu-
lation in 2D transition metal oxides is demonstrated.

Yao et  al. developed a protonic all-solid-state inor-
ganic ECRAM, demonstrating promising results [78]. 
Their configuration included a WO3 channel, Nafion 
electrolyte, and Pd reservoir. Three distinct regimes with 
varying conduction mechanisms were observed. When 
a positive voltage is applied through the gate electrode, 
proton intercalation occurs, creating a new in-gap state. 
This process reduces the effective bandgap and shifts 
the Fermi level into the conduction band. Additionally, 
electrons from the O 2p orbital in the valence band are 
transferred to the W 5d orbital in the conduction band, 
enhancing mobility due to increased electron delocaliza-
tion. Leveraging this mechanism, the device modulated 
1000 conductance states using a programming current 
of ± 200 nA with a 5  ms pulse width. This process was 
found to be reversible. The results indicate a substantial 
potential for inorganic protonic ECRAM, especially con-
sidering the measured maximum on/off ratio of 107.

Melianas et  al. introduced the 2D titanium carbide 
MXene as a novel approach to developing an organic 
protonic ECRAM. While organic ECRAMs allow for 
high-speed operation, their on-chip integration poses 
challenges [79]. In contrast, 2D materials and metal 
oxides tend to exhibit slow ion kinetics [46, 78, 80]. 
MXenes are known for their high noise levels and sub-
optimal linearity. The Ti2C2Tx MXene, where Tx denotes 
mixed surface terminations (–O, –OH, –F, and –Cl), is 
recognized for its excellent thermal and chemical sta-
bility. Melianas et  al. proposed using a 2D channel that 
facilitates both rapid electronic and ionic transport. By 
combining this material with a protic acid electrolyte, 

significant electrochemical activity was achieved. Fur-
thermore, the incorporation of a tris(3-amimopropyl)
amine (TAPA) spacer between MXenes was found to 
reduce electronic conductivity while enhancing ionic 
access, thereby enabling rapid switching and low power 
consumption. To demonstrate the feasibility of wafer-
scale integration using 2D materials, they conducted 50 
potentiations and 50 depressions with a pulse width of 
200 ns.

Onen et  al. recently reported an ultrafast-switching 
proton-based ECRAM, demonstrating a switching speed 
of 5 ns at + 10 V/− 8.5 V. This device, comprising a WO3 
channel, PSG electrolyte, and Pd reservoir, has dimen-
sions of 50 nm in channel width and 150 nm in length, 
making it one of the smallest devices as depicted in 
Fig. 6a [81]. It exhibited not only fast switching but also 
linear and symmetric modulation, a high on/off ratio, 
robust retention, and an endurance of 105 cycles (Fig. 6a–
c). Uniquely, the device failure was observed with longer 
pulse widths, attributed to the low diffusivity of protons 
in HxWO3. This causes proton accumulation at the inter-
face between the channel and electrolyte, hindering fur-
ther proton insertion and resulting in H2 gas evolution, 
as shown in Fig. 6d. To sustain fast switching speeds and 
prevent protonic breakdown, it is crucial to focus on the 
interface between the channel and electrolyte. This could 
be addressed by introducing a barrier or coating the 
channel surface, though further research is necessary to 
ascertain their effectiveness.

2.4 � Copper ion‑based ECRAMs
The exploration of new mobile ion species has gained 
traction due to their compatibility with CMOS technol-
ogy. Copper (Cu) interconnects, commonly used in the 
backend of the line, can readily supply sources by inte-
grating an ECRAM stack atop the CMOS. The applica-
tion of Cu materials in memory devices has been shown 
in resistive memories [85]. Here, field-driven Cu ions 
form between two separated electrodes, creating a highly 
conductive state. Initially, this field-driven ion motion 
was utilized in a three-terminal structure with an insu-
lating Ta2O5 electrolyte layer and a Cu gate electrode, 
referred to as an atomic transistor application [86]. 
Under a positive gate voltage, Cu ions oxidize from the 
ionizable Cu electrode, pushing the Cu cations towards 
the channel. The Cu cation can become a neutral Cu 
atom near the channel through reduction, leading to 
the nucleation of a Cu cluster. Consequently, an abrupt 
increase in channel current between the source and drain 
is observed at a certain threshold voltage as the gate volt-
age rises. The non-volatile conductive state can be deac-
tivated by applying a negative gate voltage, which results 
in the dissolution of the Cu cluster. As a consequence, 
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binary channel current states with high ratios, on the 
order of 106 to 108, are anticipated for non-volatile logic 
applications.

Over the past two decades, researchers have explored 
the use of Cu ions in analog synaptic devices. Since the 
electrical characteristics of Cu atomic transistors indi-
cate that channel current can be altered through Cu ion 
migration, controlling Cu ion movement in the electro-
lyte is crucial for fine-tuning the channel current state. 
To enhance Cu ion mobility and ensure high conductivity 
even in solid-state electrolytes, ternary Cu-Rb-I-Cl mate-
rial systems, such as Cu6Rb41Cl13, have been reported [87, 
88]. This allows for the analog modulation of the channel 
current with just hundreds of millivolts. Recently, efforts 
have been made to simplify the material complexity by 
employing a Cu gate electrode to directly supply mobile 
ions. For integration with semiconductor fabrication, 
simple binary oxides like HfOx and WOx have been inves-
tigated for use in CMOS-compatible ECRAM stacks [89]. 
In these designs, nonstoichiometric electrolyte layers are 
sputter-deposited on the WOx channel layer to facilitate 
Cu-ion movement. Consequently, when a positive gate 
voltage is applied, the Cu ions from the electrode engage 
in the switching process, incrementally increasing the lat-
eral channel current, as illustrated in Fig. 7a. The current 
is reversibly decreased by driving the Cu ions back to the 
electrode under a negative gate voltage. Two observations 
from these experiments are noteworthy. First, changing 
the gate electrode material to Ag metal, known for even 
faster ion mobility, resulted in diminished gate control 
over the channel with the given electrolyte and channel 
stack. Second, channel-area-dependent analog synaptic 
behavior was observed, suggesting that the entire channel 
area, evenly influenced by ions, participates in the analog 

switching. This implies that a vast number of Cu ions are 
supplied from the Cu electrode, acting as an infinite ion 
reservoir. Precise control over the uniform motion of 
these ions is therefore essential. To limit the number of 
Cu ions injected from the gate, a CuOx oxide electrode 
was introduced, as shown in Fig.  7b [90]. Formed by 
a reactive sputtering process, the relative ratio of Cu in 
CuOx was determined by the plasma gas ratio, confirmed 
via X-ray photoelectron spectroscopy. As anticipated, a 
Cu-rich CuOx electrode with a HfOx/WOx ECRAM stack 
showed uncontrolled synaptic response. Conversely, 
when a Cu-poor CuOx electrode was created with a 
higher oxygen gas ratio, fewer Cu ions participated in the 
switching, resulting in minimal change to the channel 
current. These findings suggest that the gate controllabil-
ity of channel current is dependent on the quantity of Cu 
ions involved in the switching process.

2.5 � Other cation ion‑based ECRAMs
In biological synapses, neurotransmitters such as cal-
cium, potassium, and sodium cations are essential 
chemical messengers in the nervous system. To mimic 
this, biomimetic ECRAMs have been developed. These 
devices utilize electrically driven Na ions from a solid-
state NaWO3 (or Na-incorporating NaClO4) electrolyte, 
which are inserted into or associated with the WOx (or 
2D SnS-reduced graphene oxide) channel layer [91, 92]. 
The transport of alkali Na ions towards the channel 
increases the current, leading to synaptic behavior analo-
gous to biological processes. Similar ion dynamics have 
been noted in aqueous electrolytes, advancing the devel-
opment of Na+ ions suitable for curved and soft surfaces, 
akin to those in the human body.

Fig. 6  Electrical characteristics of proton-based ECRAM. a Switching characteristics with 5 ns pulses with 1000 states showing symmetric behavior. 
b Retention characteristics for ~ 100 s at different conductance levels. c 105 pulses endurance conducted over 30 h. d Device failure in accordance 
with pulse width. Increasing pulse width ultimately leads to H2 gas evolution at the channel/electrolyte interface, resulting in physical damage. a–d 
Reprinted with permission from AAAS [81]
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3 � Device‑level analysis
3.1 � Modeling
A thorough review of the literature indicates that most 
ECRAMs encounter significant challenges, especially 
concerning operating speed and scalability. For effec-
tive use as neuromorphic analog memory, these devices 
must adhere to specific specifications, underscoring 
the need to comprehend their functionality thoroughly. 
Response modeling in alignment with input can facilitate 
a higher-level design approach, aiding in the prediction 
and resolution of potential issues during array formation 
[93]. The key distinction in neuromorphic-element-based 
modeling lies in whether it is based on physical mecha-
nisms or mathematical simulations of device operations, 
with examples including RRAM, STT-MRAM, and ECM. 
Despite possessing all necessary components, not every 
aspect of ECRAMs is entirely understood, necessitat-
ing an initial focus on modeling their general properties. 
This is followed by examining behavioral traits during 
switching, taking into account factors such as noise, vol-
atility, and thermal effects. A detailed understanding of 
the ECRAM’s switching mechanisms is vital to improve 
its synaptic properties. Generally, this mechanism can 
be conceptualized in two ways, depending on how ion 
movement in the electrolyte influences the ECRAM 
channel: (1) ions migrating through the electrolyte are 
intercalated into the channel, changing the valence of the 

channel material, or (2) ion migration within the electro-
lyte alone causes capacitance modulation of the channel 
[34, 94]. The explanation for this switching mechanism 
may vary based on the type of ions controlling the device, 
as this can alter the rate-determining step, influenced by 
factors like ion size and binding strength.

3.1.1 � Electrochemical reaction
A typical ECRAM device comprises a mixed ion–elec-
tron conductor channel, where ions are inserted through 
an electrolyte under the influence of a gate electrode. 
The insertion process encompasses several steps: (i) ion 
migration in the electrolyte, (ii) interfacial transport of 
ions from the electrolyte into the channel, and (iii) redox 
reactions within the channel. Consequently, numerous 
studies have identified the redox reaction of ions inserted 
into the channel as the primary switching mechanism 
of ECRAM. Furthermore, most research on ECRAM 
devices has focused predominantly on the WOx chan-
nel, where the tungsten (W) atom exhibits multivalence, 
aligning well with these explanations.

Jeong et al. aimed to understand the switching mecha-
nism of metal oxide ECRAM to enhance device perfor-
mance [62]. To segregate ionic and electronic currents, 
a continuous gate voltage was applied, and both the 
channel conductance and gate current were measured. 
The electrochemical reaction was broken down into 

Fig. 7  Electrical characteristics of copper ion-based ECAM. a Copper ions provided from the gate electrode are steadily driven by the number 
of gate voltage, resulting in analog channel current modulation [89]. b Limiting the number of injected Cu ions allows linear channel current 
with respect to pulse number, improving gate controllability [90]
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three steps: (1) electric-ion migration in the electro-
lyte layer, (2) ion diffusion in the channel or reservoir, 
and (3) electrochemical reactions at the interface. This 
was elucidated through simulations of oxygen diffusion 
over time via charge integration. From these findings, 
it was deduced that channels and electrolytes with high 
ionic transport properties are necessary to improve the 
device’s switching speed. To achieve this, methods such 
as thinning the electrolyte or enhancing its ionic conduc-
tivity have been proposed.

Studies have shown that a process called electrochemi-
cal doping, in which ions (e.g., Li, oxygen vacancies, and 
H) moved by the applied gate voltage of the ECRAM, are 
intercalated into the channel (e.g., Li1-xCoO2, HfO2, and 
WOx). The channel conductance changes depending on 
the degree of diffusion of the penetrated ions inside the 
channel.

Lee et al. analyzed an all-solid-state Li-ion battery with 
a structure of Ni/Li1-xCoO2/a-Si/Ti [95]. In this study, the 
intercalation of ions was verified through analysis of the 
cyclic voltammetry (C-V) curve, which was performed 
to evaluate the ion motion in a secondary ion battery. 
Through C-V measurements from gate to source, notable 
changes in the peak current (Ipeak) and peak voltages were 
observed for different scan rates (v), and Ipeak was pro-
portional to v1/2. This phenomenon can be interpreted 
using the Randles–Sevcik equation

where F is the Faraday constant, n is the number of the 
electrons transferred per mole, R is gas constant, T is the 
temperature, A is the electrode area, c0 is the concen-
tration, α is the transfer coefficient, and D0 is the diffu-
sion coefficient. During the charging operation, Li ions 
migrate to the opposite electrode, and Ipeak is instan-
taneously generated. Thus, the Li concentration in the 
Li1-xCoO2 layer can be modified by Li migration, which 
causes a change in the conductance.

Lee et al. demonstrated the intercalation of H protons 
into the channel via electrical double layer (EDL) for-
mation using ECRAM analysis, involving a W/SiO2-H/
WOx structure [96]. Under a positive gate bias, pro-
tons migrate through the SiO2-H electrolyte, leading to 
electron accumulation on the WOx channel side. These 
accumulated protons and electrons contribute to the for-
mation of an ultra-thin layer within the channel, resulting 
in the creation of an EDL. Due to the charge distribution 
at this interface with very low thickness, a high electric 
field is applied to the channel, facilitating proton injec-
tion and thereby increasing channel conductance. Con-
versely, applying a negative bias to the gate electrode 
generates a high electric field in the opposite direction, 

Ipeak = 0.4958(Fn)3/2(RT)−1/2Ac0(αD0v)
1/2

causing protons to be extracted from the channel, leading 
to a decrease in channel conductance. Additionally, they 
introduced an equation to describe the concentration of 
H protons and observed a weight update curve based on 
proton diffusivity in the WOx channel [96]. The concen-
tration of protons can be expressed as

where D is the diffusivity of protons in the WOx chan-
nel, Q0 is the number of injected protons per pulse, t is 
the diffusion time, and z is the depth of the WOx chan-
nel. Based on this equation, protons with different dif-
fusivities in crystalline and amorphous channels were 
analyzed. In the crystalline WOx channel, owing to slow 
diffusivity, a large number of accumulated protons near 
the channel surface resulted in a rapid increase in the 
conductance state. Conversely, in the case of an amor-
phous layer with high proton diffusivity, protons are 
uniformly distributed, and gradual and linear changes in 
conductance occur. Therefore, the conductance states of 
ECRAM could be controlled by modulating the proton 
concentration and diffusivity of the protons intercalated 
into the channel.

Baldo et al. proposed a numerical model to describe the 
synaptic behavior of ECRAM using the ionic drift–dif-
fusion equations [97]. This model enabled the modula-
tion of defect concentration (e.g., vacancies) intercalated 
into the channel and its conductivity through the verti-
cal migration of oxygen vacancies in response to applied 
gate pulses. Furthermore, the drift–diffusion model 
unveiled the device’s behavior concerning gate voltage, 
temperature, and geometry. It provided insights into 
the ECRAM’s switching mechanism, particularly the 
exchange of oxygen vacancy migration between the res-
ervoir and channel.

Bishop et al. introduced a resistor–capacitor network to 
represent a LiPON-based ECRAM [98]. They proposed a 
multilayer stacked circuit to develop an ECRAM model, 
comprising an electrolyte, a double layer, and a chan-
nel. The combined conducting and insulating proper-
ties were expressed using resistors and capacitors within 
the network in the circuit simulation. The model yielded 
two effective time constants: τvert, dependent solely on 
electrolyte transport properties, and τhoriz, influenced by 
channel length and channel conductance. By scaling the 
device and optimizing material parameters, significant 
reductions of 10,000 × in τhoriz and further enhancements 
in sub-µs τvert can be achieved at sub-micron channel 
dimensions. This study demonstrates that slow operation 
speed, a limitation of ECRAM, can be improved through 
techniques such as device scaling and material control. 

C(z, t) =
Q0

√
πDt

exp

(

−
z2

4Dt

)
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Detailed discussions on the impact of these param-
eter adjustments are presented in the following section. 
Similarly, Keene et al. introduced an ionic circuit model 
comprising resistors and capacitors, from which they 
extracted equivalent circuit parameters [99].

3.1.2 � Capacitive coupling
Meanwhile, rather than ion intercalation into the chan-
nel, other studies have suggested that conductance can 
result solely from the migration of ions within the elec-
trolyte or at the interface between the gate electrode and 
electrolyte. In other words, these explanations are rooted 
in the limited ion migration permitted within the elec-
trolyte or ion exchange occurring exclusively at a specific 
interface. Under voltage conditions, as ion redistribution 
takes place, the increased ion concentration near the bot-
tom of the channel induces electrons from the channel 
side, leading to the formation of an electric double layer. 
Similar to the conventional charging/discharging process 
of a capacitor, the conductive state of a channel can be 
determined by the quantity of ions accumulated at the 
boundaries of the electrolyte and channel.

Kim et  al. introduced a variable effective electrolyte 
thickness model to elucidate the synaptic behavior of an 
ECRAM with a CuOx/HfOx/WOx structure, employing 
MATLAB simulation [100]. The development of a device 
model involved utilizing the drain current equation of 
a conventional transistor. The capacitance within the 
drain-current equation undergoes modulation through 
the application of gate voltage pulses. As ions, such as 
Cu, are introduced from external sources and traverse 
the electrolyte, changes in its thickness regulate the 
capacitance of the electrolyte, consequently influencing 
the channel’s conductivity. Moreover, the penetration of 
ions into the channel results in a reduction in the effec-
tive thickness of the electrolyte under the applied voltage. 
Consequently, this leads to a higher electric field being 
applied to the channel region, inducing an increased 
electron presence in the channel via capacitive coupling. 
Thus, the switching mechanism of the ECRAM can be 
attributed to the migration of Cu ions through the elec-
trolyte in response to gate voltage pulses. Furthermore, 
an analysis of the parameters employed in the simulation 
revealed that the type of electrolyte and ion species influ-
enced the strength of the electric field.

A reversible and analogous change in capacitance was 
demonstrated in a metal–oxide–semiconductor stack 
comprising an inert Pt gate, HfOx electrolyte, and n-type 
indium-gallium-zinc-oxide (IGZO) channel layers [101]. 
This synaptic behavior is attributed to the redistribu-
tion of oxygen ions between the HfOx and IGZO layers. 
In this configuration, which consists of two serially con-
nected capacitors, namely HfOx and the depletion region 

in the IGZO layer, the variable depletion region, inversely 
related to the oxygen vacancy concentration, predomi-
nantly governs the overall channel conductance. As oxy-
gen vacancies act as n-type dopants in the IGZO layer, 
applying a positive gate voltage drives oxygen ions from 
the IGZO layer to the HfOx layer, thereby reducing the 
depletion width. Auger electron spectroscopy depth pro-
files conducted before and after programming directly 
confirmed the redistribution of oxygen ions throughout 
the device stack. Capacitance measurements indicated an 
increase in HfOx capacitance following a + 4 V, 30 s gate 
voltage application, aligning well with an approximately 
60% increase in oxygen content within the HfOx layer. 
Consequently, the channel current exhibited a propor-
tional increase relative to the HfOx capacitance, allowing 
for analog modulation towards higher values.

3.2 � Device engineering
In pursuit of the optimal ECRAM structure for poten-
tial array-level implementation, Kwak et  al. conducted 
an investigation using a Hall-bar structure, as depicted 
in Fig.  8a [63]. This structure was carefully engineered 
to provide accessibility to the desired pad, achieved by 
adding a protrusion that remains accessible within the 
channel, allowing for gate electrode deposition. The pro-
posed design aimed to pinpoint the region where switch-
ing occurs by real-time monitoring of changes in the gate 
and its surrounding area during programming. The anal-
ysis of this structure was based on device switching after 
subjecting it to 100 cycles of potentiation and depression 
at 0.5 V with a 0.5 s pulse width. The results revealed that 
the conductance in the region covered by the gate stack 
increased by more than 500% during switching, while 
the change rate in the uncovered area showed a minor 
decrease of less than 2% through the additional terminal. 
It’s worth noting that WO3 is a material with sensitivity 
that varies with stoichiometry in different atmospheric 
conditions. The structure’s insensitivity was confirmed 
through repeated experiments conducted in both a vac-
uum and air. These experimental findings highlight the 
possibility of designing and limiting a device’s maximum 
conductance by replacing the ungated region with a fixed 
resistor. This characteristic holds potential for array-level 
application, allowing for the setting of maximum con-
ductance values per device through the ungated region 
while considering factors such as array size, output cur-
rent, and yield (probability of failure) for array protection.

Nikam et  al. introduced a novel approach for regu-
lating ion movement through the utilization of atomic 
sieves [84]. In this setup, the WO3 channel and Si–H 
reservoir are separated by an ultra-thin layer of hexago-
nal boron nitride (hBN), approximately one atom thick 
(0.3 nm). This configuration enables the controlled travel 
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of protons exclusively when a gate voltage is applied, as 
depicted in Fig. 8b. The HxWO3 phase exhibits conduc-
tivity due to the favorable proton-mitigating size of the 
hexagonal rings within the 2D hBN structure [102]. 
Through modifications in the ion transport layer, the 
ECRAM’s reliability is significantly enhanced, as evi-
denced by its resistance to degradation when subjected 
to ± 1 V, 10 ms pulses repeated 58,400 times.

Owing to its 3-terminal structure, each unit memory 
cell in ECRAM occupies a larger area compared to con-
ventional 2-terminal devices. However, when designed 
in a vertical layout, the channel area can be efficiently 
controlled by adjusting the hole diameter, enabling more 
compact manufacturing. This approach reduces ion 
migration distances and enhances the effective switching 
area, resulting in improved switching characteristics, as 
depicted in Fig.  8c. Lee et  al. successfully implemented 
vertical ECRAM cells with a minimum size (F) of four 
times the minimum feature size (4F2) [67]. The manufac-
turing process involved sequential deposition of the WO3 
channel, HfO2 electrolyte, and MoOy reservoir in a planar 
structure through sputtering. The process also included 
etching holes on a substrate, followed by the deposi-
tion of source and drain electrodes layer by layer. Verti-
cal ECRAM devices produced using this method exhibit 

faster switching due to their thinner channels, which 
can be scaled down to the nanometer range. The switch-
ing characteristics were verified by achieving a dynamic 
range of up to 27,000 after subjecting the devices to 100 
cycles of potentiation and depression at + 4  V/1  s and 
− 3 V/1 s, respectively.

Lee et  al. developed a vertical ECRAM device by 
sequentially depositing layers without holes [103]. Spe-
cifically, WOx was deposited on a fab-out mask with an 
inserted bottom electrode plug. This was followed by a 
Li3PO4 electrolyte, a Si reservoir, and a gate electrode. 
A graphene layer, placed between the channel and elec-
trolyte, served as a barrier to control ion flow. In verti-
cal devices with this graphene barrier, ionic current is 
reduced, Li injection is restricted, and activation energy 
is increased, leading to linear switching. Additionally, 
the read latency was significantly reduced by eliminating 
lateral diffusion, a key feature of the vertical design. This 
design enables a cell size of 30 × 30 nm2, and a 32 × 32 
array was successfully fabricated.

Organic ECRAM, traditionally available only as a 
horizontal device with a large size and a liquid-gel elec-
trolyte, faced challenges like CMOS-incompatibility 
and low on/off ratios. To overcome these issues, Tuch-
man et  al. introduced stacked hybrid organic–inorganic 

Fig. 8  Categorization of device engineering methods. a Re-structuring of the channel layer to control device conductance and switching range. 
Reproduced with permission [63]. Copyright 2021, IOP Publishing, Ltd. b Insertion of filter layer between the channel and electrolyte to stabilize 
ion accumulation and migration. Reproduced with permission [84]. Copyright 2021, John Wiley and Sons. c Vertical layout to minimize ion 
movement distance for fast switching and area efficiency. d Addition of a heater on the bottom of the device for utilizing the device across a range 
of temperatures. Reproduced with permission [65]. Copyright 2022, IEEE
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ECRAMs (SHOEs) [82]. These devices, fabricated using 
conventional lithography and encapsulation techniques, 
incorporate an ionic liquid into an high density plasma 
chemical vapor deposition (HDPCVD) oxide layer, cre-
ating a stable, high-capacitance electrolyte layer. The 
structural properties of porous oxide electrolytes, such as 
spacer thickness or porosity, can be tailored for improve-
ments. This adaptability suggests that miniaturization 
could enhance switching speed and expand the dynamic 
range, as the method also facilitates vertical stacking, 
yielding smaller devices. Compared to lateral devices, 
these vertical structures demonstrated a higher on/off 
ratio when subjected to the same pulse. Additionally, the 
advent of this hybrid form has expanded the possibili-
ties for specifying different materials for the channel and 
reservoir, a significant advancement over the previous 
organic ECRAM’s limitations with horizontal structures 
and material selection.

Fast switching speed and high retention are crucial 
hardware characteristics for neural network matrix 
computation, yet achieving both simultaneously is chal-
lenging. One approach to address this issue involves 
accelerating the movement of oxygen ions through the 
electrolyte at elevated temperatures during programming 
and then reverting to room temperature for reading, as 
depicted in Fig. 8d [64, 65]. Li et al. have noted that read 

and write times are temperature-dependent, with experi-
mental evidence showing a linear relationship between 
conductance at high temperatures and conductance at 
room temperature[53].

3.3 � Array implementation
Array utilization in ECRAM devices ranges from 2 × 2 
to 32 × 32 [53, 56, 64, 104–108]. However, due to their 
distinct operating schemes compared to conventional 
2-terminal components and the resulting need for circuit 
modifications, array demonstrations are still at a nascent 
stage, as illustrated in Fig. 9a. While initial studies mainly 
focused on oxygen-ion-based ECRAM arrays, recent 
research has shifted towards proton-based ECRAM 
arrays. In 2021, the successful demonstration of a 3 × 3 
organic ECRAM array highlighted the potential for in-
situ training. As of 2022, advancements include experi-
ments like selectively operating 5 × 5 cells within a 32 × 32 
array (Fig. 9b), targeting specific devices within the array, 
and measuring the resistance of only two states in a larger 
array.

Li et  al. reported a 3 × 3 organic ECRAM array using 
proton-based devices [104]. Since the device’s conduct-
ance cannot represent negative values, a bias resistor was 
incorporated to establish a reference, enabling the expres-
sion of both positive and negative values. Additionally, a 

Fig. 9  ECRAM array implementation. a Schematic of an ECRAM array comprising three metal lines for source, drain, and gate. b Optical microscope 
image of 5 × 5 array in the fabricated 32 × 32 ECRAM array. Adapted with permission [64]. Copyright 2021, IEEE. c Diagram of parallel update (PU) 
(top) and sequential update (SU) operations in n x n ECRAM array (bottom) [109]. d Determined E ratio in relation to the size of the array. Reducing 
ISD at a specific IGS will minimize the ratio [109]. e Block schematic of the neuromorphic system with a three-terminal ECRAM array [110]
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series resistor was included to mitigate gate leakage cur-
rent. The team demonstrated training using AND, OR, 
and NAND gates and conducted a crossbar simulation to 
emphasize the need for a centered ECRAM to replicate 
the ideal scenario. Achieving this requires either precise 
fabrication to reduce device-to-device variations or the 
use of calibrated offset resistors in pairs.

In 2023, Chen et al. published their findings on open-
loop programming for a 10 × 10 ECRAM array [106]. 
These arrays, benefiting from highly reproducible and 
uniform cycle-to-cycle and device-to-device variations, 
exhibited a spatial–temporal variation of only 2.3% (σ/μ). 
They achieved a remarkable 99.4% classification accuracy. 
These results highlight ECRAM’s potential, particularly 
in simplifying system design through the use of arrays 
with minimal variation, positioning them as valuable 
assets in advanced learning hardware.

Recent research has expanded to include not just 
array demonstrations but also array-level analyses. 
While ECRAM devices are often touted for their supe-
rior energy (E) efficiency, these claims typically focus on 
the energy consumption due to the vertical gate-source 
current (IGS) in individual devices, with comprehensive 
array-level analyses considering all potential energy-con-
suming parameters being rare to date [54, 56]. In 2022, 
Kang et  al. conducted simulations on the energy con-
sumption of n × n ECRAM arrays, taking into account the 
source-drain current (ISD) and gate-drain current (IGD) 
alongside IGS. This was based on experimentally observed 
update behaviors from 2 × 2 Cu ion-based ECRAM arrays 
[109]. A cross-point array, unlike programming a single 
component, uses a half-bias scheme, in which it applies 
±

1
2 Vprog to the respective row and column containing the 

desired component for programming. To align effectively 
full voltage (+ 6 V for potentiation/− 4 V for depression) 
at gate-source voltage (VG), VG of + 3 V/− 2 V with pulse 
width (tG) of 500  ms and source-drain voltage (VD) of 
− 3 V/ + 2 V with pulse width (tD) of 500 ms were applied 
to each gate and drain lines, then, VG of + 3 V/-2 V and 
VD of 0  V/0  V with same tG and tD were addressed for 
half-selection. Based on the half-bias scheme, the oper-
ating method of parallel update (PU), where each cell 
was updated simultaneously, in top of Fig. 9c, is shown, 
and selective sequential update (SU) acquired by deac-
tivating unwanted cells by addressing the half-bias 
(+ 3 V/− 2 V) at VG is presented at the bottom of Fig. 9c. 
Consequently, w11 and w12 respond linearly in real-time. 
Through the successful demonstration of perfect PU and 
SU operations, they revealed the significant role of the 
unavoidable leakage current generated by the neglected 
neighboring cells in energy consumption, as depicted in 
Fig. 9d. Kim et al. proposed an optimized update scheme 
for an ECRAM-based cross-point array [107]. They 

fabricated a metal-oxide based cross-point array and pro-
vided an analysis that encompassed both variation and 
the relationship between ∆R and Vprog. They introduced 
a channel-high half-bias scheme, taking into account 
the three-terminal characteristics, in contrast to the 
half-bias scheme traditionally used in cross-point arrays 
[56]. Based on this approach, high energy efficiency is 
achieved with a low leakage current, even as the array 
size increases, ensuring high accuracy in neural network 
training.

Additionally, a high-precision analog compute-
in-memory neuromorphic system that incorporates 
ECRAM arrays has been proposed. This system includes 
activation modules for on-chip synaptic training and 
inference, along with a matrix processing unit [110]. As 
depicted in Fig.  9e, the system optimizes output sens-
ing and matrix processing in ECRAM devices. A neuro-
morphic chip, designed using 250 nm CMOS technology 
and tested with a 32 × 32 ECRAM array, facilitated linear 
updates and precise read operations. It effectively man-
aged data processing involving 1000 states for both read-
ing and programming. The output error rate for the 32 
read columns was contained within 2.59%, and the entire 
32 × 32 ECRAM-based neuromorphic system consumed 
just 5.9 mW of power during inference. These find-
ings demonstrate that ECRAM research is progressing 
beyond the material-device level to encompass logic and 
system-level developments.

4 � Conclusion
Thus far, we have categorized ECRAM as active and have 
explored the developmental process of each ion. ECRAM 
has showcased benefits including lower energy consump-
tion, prolonged retention, and linearity, consistently 
exhibiting near-perfect linear behavior. Additionally, 
engineering processes such as altering material stoichi-
ometry, introducing an ion barrier, doping the electrolyte, 
adjusting temperature, and modifying the structure have 
been undertaken to enhance device switching speed and 
retention. While the enhanced characteristics of ECRAM 
are reported to exhibit near-perfect linearity, fulfilling 
other criteria like switching speed, dynamic range, and 
symmetry simultaneously remains a challenge.

It has been shown that the asymmetric properties of 
analog memory can impact training accuracy. Ideally, 
the ΔG values should be identical for both increas-
ing and decreasing adjustments, allowing for opti-
mal weight achievement during training. However, in 
asymmetric devices, given an equal number of ran-
dom pulses, there is a persistent discrepancy between 
the rising and falling values; this accumulation pre-
vents reaching the optimum. Consequently, extensive 
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research has been conducted on symmetric behavior 
and algorithms to address and mitigate this issue.

Moreover, various mechanisms for ion movement, 
including those based on hydrogen ions, are being 
explored to enhance switching speed. The primary 
focus of engineering is on optimizing ion movement in 
the electrolyte and minimizing accumulation and dif-
fusion at the interface. Ongoing research also includes 
reducing the effective moving distance through device-
size minimization and thin-film deposition. Ultimately, 
the specifications required for devices can be addressed 
through material innovations, necessitating various 
approaches and dedicated efforts.

Evaluating procedures like foundry-friendly material 
use, integration issues, and compatibility with mono-
lithic processes is essential for transitioning ECRAM 
from the lab to commercial neuromorphic circuits. 
Establishing a peripheral circuit to test and utilize the 
array is crucial, as is large-scale integration, which 
depends on the device characteristics necessary for 
operating the array. Time complexity merits attention, 
particularly in relation to the increase in matrix size 
and how non-ideality is influenced by additional para-
sitic components, such as the unavoidable resistance 
and capacitance of interconnect wires, given that com-
putational circuits are read by amplifiers at the final 
stage. It is also vital to determine how to encode pulse 
width, address variances or errors during the learn-
ing process, and identify necessary algorithms. Finally, 
exploring networks and applications that leverage the 
advantages of ECRAM and co-optimizing an operat-
ing system to maximize these benefits will significantly 
contribute to AI development and the advancement of 
AI accelerators.
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