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Abstract

Existing challenges in modern AI architectures, including the von Neumann bottleneck and 
high energy demand, have led to increased research efforts towards the development of 
novel computing paradigms based on memristive technologies. This comprehensive review 
summarizes algorithmic approaches for training memristive neural networks (MNNs), 
including Memristive Spiking Neural Networks (MSNNs), integrating solutions imple-
mented on hardware platforms with those developed in software. In contrast to existing 
reviews that consider algorithmic aspects within the broader context of hardware imple-
mentation, this review provides an algorithm-centric perspective, starting from training 
algorithms and analyzing different approaches to their adaptation to memristive hardware. 
The survey covers traditional machine learning algorithms such as backpropagation and 
its enhancements toward hardware-friendly solutions, as well as gradient-free methods, 
with particular emphasis on algorithms that address device non-idealities. We additionally 
provide an overview of bio-inspired learning rules, including  Spike-Timing Dependent 
Plasticity (STDP) and reward-modulated STDP, which can be mimicked using memris-
tive devices, along with reinforcement learning algorithms. Special attention is given 
to biologically plausible models of spiking neuron-astrocyte networks, and their direct 
implementation in memristive hardware, which significantly increase the efficiency of self-
learning algorithms. Finally, this review presents an algorithm-centric perspective on open 
questions and challenges toward the large-scale implementation of memristive devices in 
AI systems.

Keywords: memristors; memristive neural networks (MNN); training algorithms;
neuromorphic computing; bio-inspired algorithms; astrocyte networks; memristive
crossbar arrays
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1. Introduction
The tremendous development of artificial intelligence (AI) systems is reshaping nearly all 

aspects of human activity, ranging from everyday consumer electronics [1,2] to sophisticated 
technological solutions, making a significant influence on education, science, art, healthcare, 
politics, economy, and security [3–7]. However, recent technology trends highlight open 
issues including environmental impact [8,9], limited computational throughput [10], latency, 
scalability [11], the fundamental physical limits of CMOS scaling [12], as well as resources 
and data intensive computing [11].

A promising approach to address these challenges is the integration of resistive switching 
devices, memristors, originally postulated by Leon Chua in 1971 [13], and later experimentally 
verified in a well-known work by HP labs [14]. Memristors are two-terminal passive devices 
that link charge and magnetic flux, completing the fundamental set of circuit elements [13]. 
They are characterized by a pinched hysteresis loop in their current-voltage characteristics, a 
defining fingerprint of memristive behavior [15]. Research in memristive domain includes 
several overlapping categories ranging from theoretical studies [16–24], systems based on 
 Compute-in-memory (CIM) [11,25–29], algorithmic and architecture approaches [30–38], as 
well as emerging paradigms such as neuromorphic computing [8,39–43] and  Spiking Neural 
Networks (SNN) [44–50], studies on quantum effect in memristive devices [12,51–54], sensing 
applications [55–58] and materials and device-level studies [59–63].

Particularly interesting research approaches are those that address the von Neumann 
bottleneck by enabling computational operations to be performed directly within memory 
units, i.e., through  CIM paradigms. Such functionality can be realized using memristive 
devices arranged in crossbar architectures, where  Matrix-vector Multiplication (MVM) is 
physically executed according to Ohm’s and Kirchhoff’s laws [37,64]. This methodology 
enables a high degree of parallelism, resulting in substantial improvements in computational 
throughput [25,31,65], energy efficiency [64–66], and scalability [67].

Memristor crossbar arrays (MCAs) can effectively implement artificial neural networks 
(ANNs) of various architectures [66,68–71] while natively supporting both ex situ and in 
situ training approaches [30,72]. The ex situ method computes network weights in software 
and then maps them onto memristive hardware, whereas the in situ approach directly up-
dates the weights on the hardware using dedicated schemes that implement specific learning
rules [30,72]. The first experimental realization of a  Single Layer Perceptron (SLP) based 
on memristors was demonstrated by Alibart et al. in 2013, demonstrating both ex situ and 
in situ training approaches [72]. A major milestone was achieved by Prezioso et al. [32], 
who introduced an integrated memristive ANN, capable of performing analog  MVM in 
hardware and supporting delta rule-based training. In the same year, 2015, Burr et al. re-
ported the first large-scale memristive neural network with 164,855 synapses, trained using 
a gradient-based approach adapted to device nonlinearity and intrinsic asymmetry [73]. 
A notable advance in the parallelization of training using MCA was reported by the work 
of Gokmen and Vlasov [31], who theoretically mapped all three training phases—forward 
pass, backward pass, and weight update—onto hardware, demonstrating potential for up to
30, 000× acceleration compared to conventional microprocessors available at the time.

In terms of energy efficiency of MCA-based systems, an early breakthrough was pre-
sented by Yao et al. [33], demonstrating online, in situ training of a single-layer perceptron 
implemented with 1T1R synapses, with approximately 1000× lower energy consumption 
per iteration compared to the Intel Xeon Phi platform. A significant step toward improving 
the performance of memristive neural networks was reported in reference [34], demonstrat-
ing software-level accuracy using a mixed hardware-software training approach, which 
will be discussed in more detail in the following sections. Generalization of combined 
hardware-software training was proposed by Nandakumar et al. in 2020 [64] through a 
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mixed-precision architecture, enabling its application to various neural network architec-
tures (CNNs, LSTMs, GANs) beyond multilayer perceptrons. Recently, hardware-aware 
training approaches for memristive neural networks have gained increasing attention in 
the scientific community, including methods that explicitly incorporate device stochasticity 
into the learning rule [37], as well as approaches such as Mosaic [46], which address the 
low precision of memristive devices through a hardware-algorithm co-design strategy.

The inherent properties of memristive devices, including nonvolatility, gradual conduc-
tance modulation, multilevel resistive states, low power operation, and scaling potential [74], 
together with their compatibility with CMOS technology, make them highly suitable for bio-
inspired systems [75]. Furthermore, memristors enable the implementation of local learning 
rules, including  STDP [76] and neuromodulated STDP [77]. Consequently, they serve as 
versatile electronic building blocks for realizing neurons and synapses of varying complexity 
in neuromorphic architectures [78–82], as well as the bio-inspired and bio-mimetic circuitry 
of the mammalian nervous system [70,83].

A number of review papers can be found that address the integration of memris-
tors in ANNs and SNNs; however, they are predominantly focused on hardware-level
aspects [10,12,84–86]. These include circuit-level reviews [87], studies targeting specific 
applications of memristors in synapses [88], or more generally in SNNs [89], as well as 
materials, technology, and device physics-oriented roadmaps and review papers [8,11,12].

Although some papers consider algorithmic aspects, these are typically treated as
part of the broader picture of hardware implementation rather than as a primary
focus [10,12,89,90]. Previous reviews focus on the synaptic properties of memristors and associ-
ated plasticity mechanisms [88], hardware implementation of neural networks [10], memristive 
hardware building blocks and corresponding learning mechanisms [85], or circuit architectures 
for edge computing [84]. Other works provide a roadmap emphasizing materials engineering 
and emerging technologies [8], examine memristors for IMC and SNN hardware and the learn-
ing mechanisms they support [11], or review broader advances in memristive materials, devices, 
algorithms, and systems [12]. While these works include algorithmic discussions, the current 
study is organized around different categories of training algorithms for MNNs and MSNNs 
and analyzes their adaptations to memristive hardware, rather than using device properties and 
hardware architectures as the main organizing framework. Additionally, the existing literature 
lacks a dedicated algorithm-focused perspective on memristive neural networks and memristive 
spiking neural networks, and this aspect remains insufficiently explored in a structured manner. 
The main motivation for this work is therefore to provide an algorithm-centric perspective on 
memristor-based neural networks with an emphasis on comparing the strengths, limitations, 
and hardware requirements of different training approaches and identifying challenges and 
opportunities. Considering the strong interdependence between hardware and software in 
modern AI solutions, this review aims to critically analyze the algorithmic aspects and training 
methodologies applicable to memristive architectures, which play a specific role in enabling 
efficient implementations and have the potential to drive further improvements in the field of 
energy-efficient AI systems and neuromorphic engineering.

The rest of the review paper is organized as follows. Gradient-based algorithmic 
approaches for memristive neural networks are surveyed in Section 2, while methods that 
do not rely on gradient computation, i.e., gradient-free algorithms, are summarized in 
Section 3. Specific bio-inspired algorithms that utilize biomimetic properties of memristive 
devices are presented in Section 4, and the following Section 5 is devoted to reinforcement 
learning algorithms using memristors. The overall organization of the sections in this review 
is illustrated in Figure 1. In the final Section 6, we discuss future directions and applications, 
the main challenges and limitations, and potential approaches to addressing them, and 
provide concluding remarks.
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Figure 1. Overview of the training algorithms for memristive neural networks covered in this review.

2. Gradient Based Algorithms
Gradient-based learning relies on the modification of weights to reduce the error be-

tween actual and desired outputs by computing gradients of a loss function and updating 
the weights accordingly [91,92] represents the dominant training paradigm in modern 
machine learning. Memristive interpretation of gradient-based algorithms requires map-
ping synaptic weights to conductance values, while overcoming various sources of device 
non-idealities. Furthermore, efficient realization involves implementation of forward and 
backward passes, as well as parallelized weight updates through crossbar architecture. The 
following section provides a structural overview of gradient-based algorithms proposed 
for memristive neural networks. The topic is covered through six subsections, addressing 
error-correction learning algorithms for memristive single-layer neural networks, backprop-
agation implementations in memristive NNs, backpropagation through time, contrastive 
divergence learning algorithms, feedback alignment algorithms, and gradient-based train-
ing for memristive convolutional NNs. The classification is mainly based on the underlying 
learning mechanism, while memristive CNN architectures and their training are considered 
separately in the final subsection due to their broad applicability. This architecture-specific 
discussion remains within the gradient-based category and does not treat CNNs as a distinct 
class of learning algorithms

2.1. Error Correction Learning Algorithms for Memristive Single Layer Neural Networks
The error-correction learning algorithm belongs to supervised learning rules, where 

adjustment of network parameters is performed using an error signal defined as the differ-
ence between the target and actual output of the network [93]. Here, we summarize existing 
reports on error-correction learning rules for Memristive Single Layer Neural Networks 
architectures: the perceptron learning rule [94] and Widrow–Hoff rule [95] (Least Mean 
Square (LMS)). Although perceptron learning does not involve differentiation through the 
hard-threshold activation, its update can be interpreted as a subgradient update; therefore, 
we discuss it in the section on gradient-based algorithms. It is commonly discussed in the 
literature alongside the Widrow–Hoff rule, since both use an error signal to update the 
weights and rely on a linear combiner [93]. This convention is also adopted in the present 
overview of their memristive implementations.

2.1.1. Perceptron Learning Algorithm
The perceptron introduced by Rosenblatt in 1958 [94], represents one of the earliest 

neural network models, initially used for pattern classification tasks [93], while still remain-
ing relevant in contemporary AI systems. In its simplest form it is composed of a single 
neuron with learnable synaptic weights, and is trained using the perceptron learning rule, 
based on the following weight update:
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𝑤𝑛+1 = 𝑤𝑛 + 𝜂[𝑡𝑛 − 𝑦𝑛]𝑥𝑛 (1)

, where 𝑥𝑛 is the input vector, 𝑤𝑛 and 𝑤𝑛+1 represent weight vectors before and after the 
update, respectively, 𝑡𝑛 is the target output while 𝑦𝑛 is the actual output (thresholded 
output 𝑦𝑛 = sgn(𝑤𝑇

𝑛𝑥𝑛)), 𝜂 stands for the learning rate and 𝑛 refers to the time step in the 
algorithm [93].

Early work by Alibart et al. [72] demonstrated the feasibility of implementing the 
perceptron learning rule in memristive crossbar systems using a single-layer perceptron 
for the pattern classification task. The study compared ex situ and in situ training and 
showed that acceptable classification accuracy could be maintained despite significant 
device variability, establishing a foundation for hardware-based learning in MNNs.

2.1.2. Widrow–Hoff Algorithm
LMS algorithm, also known as the  Widrow-Hoff Algorithm (WH) algorithm, devel-

oped in 1960 [95], represents an early implementation of stochastic  Stochastic Gradient 
Descent (SGD) that minimizes the  Mean Square Error (MSE) between predicted and target 
outputs. An update is defined as follows:

𝑤𝑛+1 = 𝑤𝑛 + 𝜂𝑒𝑛𝑥𝑛 (2)

, while error signal 𝑒𝑛 is calculated based on difference between target output 𝑡𝑛 and contin-
uous linear output 𝑦𝑛 = 𝑤𝑇

𝑛𝑥𝑛,
𝑒𝑛 = 𝑡𝑛 − 𝑤𝑇

𝑛𝑥𝑛. (3)

Lin et al. [96] implemented the Widrow–Hoff algorithm using a memristive Neural 
Logic Block (NLB) architecture [97], highlighting its potential robustness against sneak-
path currents, device variability, and defect tolerance. The NLB consists of rows, containing 
memristors and a digital neuron, that together form a Single Neuron Unit (SNU). These 
units are connected to a Finite State Machine (FSM), which digitally controls in situ learning 
(Figure 2). Each synapse is implemented using two organic memristive devices (multi-
threshold), enabling reduced fabrication cost, improved scalability, and compatibility with 
flexible applications. The neuron circuits are CMOS-based, and they are programmed using 
FPGA [96]. Within the proposed training framework, the  WH is simplified by relying on the 
sign of the actual and target outputs, with weight updates implemented through Set-Only 
(SO) and Set–Reset (SR) programming modes. This approach enables real-time weight 
scaling and was successfully demonstrated on three-input logic functions [96].

A more recent application of the  WH was reported in reference [98], using a novel 
complex synaptic element composed of two memristors connected in reverse series, together 
with two PMOS, and two NMOS transistors. Controlled by a single voltage signal, the circuit 
can represent positive, negative, and zero synaptic weights. Although the authors describe 
the approach as a combined software–hardware realization of WH rule, the implementation 
is primarily software-based, with the hardware aspect limited to collecting neuron outputs 
from circuit-level LTspice simulations, while the  MSE, gradient computation, and weight 
updates calculations are performed in software.

A similar approach was presented by Cai et al. [99], who demonstrated online 
learning on a hybrid memristive-CMOS chip using a batch gradient descent rule for 
training SLP. While the applied rule has a similar update form as Widrow–Hoff, the 
weights updates are accumulated over an entire batch and derived using cross en-
tropy loss. The system can realize forward/backward vector–matrix operations by 
charge-domain processing with pulse-width modulation, thus mitigating nonlinearity 
in I–V  characteristics. Besides the feed-forward SLP, the chip was experimentally 
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demonstrated using different models and algorithms (sparse coding and bilayer PCA 
network), illustrating flexibility and re-programmability.

Figure 2. Neural Learning Block schematic [96].

Mapping the desired weight updates onto memristor conductance changes can 
be performed using variations of the delta learning rule, particularly the Manhattan 
rule, as presented by Prezioso et al. [32] and Yao et al. [33]. In their very well-known 
Nature paper [32], Prezioso et al. from the Strukov Research Group at UC Santa Barbara 
reported the first transistor-free memristor crossbar integrated in a fully connected 
Single Layer Perceptron, with 10 inputs and 3 outputs, using two memristors per 
synapse. The network was trained in situ using the Manhattan update rule optimization 
algorithm [100] for BP, with batch-mode learning and sign-related synaptic updates:

Δ𝑊𝑖𝑗 = 𝜂 sgn
𝑁

∑
𝑛=1

Δ𝑖𝑗(𝑛), (4)

where 𝜂 stands for the learning rate and Δ𝑖𝑗(𝑛) is the delta increment rule accumulated 
on all patterns (N) of the training set. Vector-matrix multiplication, which is the most 
hardware-critical operation, was computed by memristive crossbar, together with weight 
storage, while activation function and calculation of weight updates are realized using 
external electronics [32]. The results represented the first operational neural network (NN) 
based on a transistor-free memristive crossbar whose performance was tested on a simple 
pattern classification task.

Another significant contribution was reported by Yao et al. [33], who demon-
strated parallel online training on a CMOS-compatible 1T1R memristor MCA consisting of
1024 cells (128 × 8) (Figure 3) and optimized for bidirectional analog switching. The one-
layer perceptron architecture (Figure 3) achieved a high recognition rate during evaluation 
in grayscale face classification using the Yale Face Database [101]. Two programming meth-
ods were applied: (1) update using the write-verify scheme and (2) update without the 
write-verify scheme. Programming scheme (1) was implemented with the Delta learning 
rule [102], which preserves both sign and magnitude components:

Δ𝑊𝑖𝑗 = 𝜂
𝑁

∑
𝑛=1

Δ𝑖𝑗(𝑛), (5)

whereas Scheme (2) employed the Manhattan learning rule (Equation (4)), which contains 
only the sign-based update. The realized neuromorphic system exhibits a substantial energy-
efficiency advantage, achieving approximately 1000× lower synaptic energy consumption 
compared to an implementation based on an Intel Xeon Phi processor with off-chip memory, 
while also demonstrating strong scalability potential [33].
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Figure 3. The 1T1R architecture and the 1024-cell-1T1R array. (a) Hardware realization of neural 
network layer. (b) Micrograph of 1T1R array, adapted with permission under the Creative Commons 
Attribution (CC BY) license from reference [33].

2.2. Backpropagation Implementations on Memristive Neural Networks
Classical approach of training artificial neural networks using  Backpropagation 

(BP) algorithm originally introduced in 1986 [92] remains widely applied in memris-
tive neural networks. Generally, BP training can be implemented using two learning 
paradigms: online (stochastic) and offline (batch) learning. In the online approach, 
weights are updated after each individual training sample, whereas in the offline ap-
proach the training dataset is divided into subsets (batches), and weight updates are 
performed after processing each batch [30]. With respect to the training location and 
the role of memristive hardware, a distinction is made between ex situ and in situ 
learning, as discussed previously. The following subsections provide an overview 
of conventional BP implementations in memristive neural networks, with particular 
emphasis on strategies for addressing device-related limitations.

2.2.1. Early Implementations of Backpropagation in Memristive Neural Networks
Addressing the hardware implementation of BP, Adhikari et al. proposed a modified 

chip-in-the-loop (CIL) training for an MNN employing four memristive bridge synapse 
circuits [103], representing nonvolatile memory. The reported modified CIL approach 
includes (1) initial training of the network on the host computer, (2) mapping of obtained 
weights on hardware, (3) forward pass realized on HW and (4) layer-wise weight update 
calculation on the host computer [103]. In reference [103], the authors proposed decom-
position of the multilayer network into a single-layer network, which enables layer-wise 
updates (step 4) in the aforementioned procedure, reducing communication between the 
host and MNN.

Improved solution enabling on-chip training of memristive neural networks was pro-
posed in reference [104], where a 2M crossbar was implemented in SPICE to account for 
finite wire resistance and sneak path currents. A hybrid MATLAB –SPICE simulation 
framework was utilized to implement the backpropagation training algorithm, where error 
and weight updates were computed in MATLAB, while forward computation and weight 
programming were performed in SPICE. Results were demonstrated on three input parity 
functions and the Wisconsin Breast Cancer Dataset [105], achieving around 8% and less 
than 3% recognition error, respectively. Zhang et al. [68] applied the same BP training 
strategy from reference [104] to a 1M crossbar array, achieving higher recognition accuracy 
in pattern recognition tasks with fewer training cycles. First, the authors simplified the 
previously proposed memristor-based AND logic switch (MS) [106] and integrated it into 
a crossbar circuit for weight updating, providing a robust on-line training solution for both 
SLNN and MLNN architectures.

https://doi.org/10.3390/electronics15214892

https://doi.org/10.3390/electronics15214892


Electronics 2026, 15, 4892 8 of 66

Early research works on backpropagation-based algorithms for training  Multi-Layer 
Perceptron (MLP)s implemented with memristive crossbars by Kataeva et al. [30] demon-
strated the use of batch (offline) and stochastic (online) BP for in situ training of crossbar 
arrays based on differential pairs of Pt/TiO2-x/Pt devices, as well as stochastic ex situ 
training of the same architecture. In situ training was implemented using two schemes: 
(1) fixed-amplitude updates and (2) variable-amplitude updates. The variable-amplitude 
approach achieved higher classification accuracy on the MNIST dataset [107], reaching 
98.53% and 95.94% for batch and stochastic training, respectively, while also compensating 
for device defects and variability through tuning of the activation function parameters [30]. 
In the same year, 2015, Soudry et al. [108] proposed a synaptic circuit architecture com-
posed of single memristors and two CMOS transistors enabling supervised training of 
MLP and SLP networks using the backpropagation algorithm with online  SGD. Both net-
works were first implemented in circuit-based software (SPICE and SimElectronics) and 
demonstrated comparable performance to their MATLAB-based implementation, while 
ensuring robustness to thermal noise and parameter variability of memristive devices, as 
gradient-based optimization is inherently resilient to noise. In a follow-up study by the same 
research group [109], a fully analog MNN was proposed and trained using BP with SGD 
optimization, while incorporating the influence of realistic peripheral circuits on network 
performance. The design integrates synaptic grid blocks enabling non-destructive readout, 
signal amplifications, capacitors for suppressing high voltage spikes (shock capacitors), and 
current-to-voltage converters together. Comparable performance to software-based models 
was achieved, alongside strong noise robustness and an execution speed approximately one 
order of magnitude higher than that of the MATLAB implementation [109].

The first large-scale experimental implementation of memristive neural networks with 
approximately 165,000 synapses in a three-layer MLP, trained using the backpropagation 
algorithm, was presented by Burr et al. in 2015 [73]. Each synaptic weight is mapped 
onto a differential pair of two nonvolatile  Phase Change Memory (PCM) devices in a 
1T1R configuration fabricated in a 180 nm technology node, while neurons are software-
based. The conventional BP approach was improved using a crossbar-compatible weight-
update rule, with the “G-diamond” concept (to address nonlinear and asymmetry issues of 
memristors) allowing parallel weight update and competitive accuracy.

A notable advancement toward fully hardware-based training of MNN was reported 
by Krestinskaya et al. [110], who developed an analog learning circuit for backpropaga-
tion and validated it through simulations using a TSMC 180 nm CMOS technology. The 
learning circuit, based on a memristive crossbar array with NMOS transistors placed at 
the end of each column, consists of dedicated blocks for forward propagation, separate 
blocks for backpropagation to the output and hidden layers, and additional circuitry for 
weight updates. The initial simulation results were compared with a MATLAB-based back-
propagation implementation by analyzing output voltages and timing diagrams [110]. The 
application of these results, along with a detailed circuit design, was further presented by 
the same group [111] through the realization of several neuromorphic memristive archi-
tectures, including three-layer Deep Neural Networks (DNNs), Binary Neural Networks 
(BNNs), Multilayer Neural Networks (MLTNNs), Hierarchical Temporal Memory (HTM), 
and  Long Short-Term Memory (LSTM) networks. Power and area estimations for the main 
circuit blocks were provided, together with system-level simulations performed on XOR, 
handwritten digit recognition (MNIST), and face recognition (Yale) tasks. The analysis 
additionally accounted for sneak-path effects, memristor device variability, and finite wire 
resistance [111].
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2.2.2. Ex Situ Implementations of Backpropagation
As outlined previously, ex situ BP training involves first computation of network 

weights in software and afterwards their deployment onto memristive hardware circuits, 
whereas the mismatch between utilized models and characteristics of real devices, as well 
as hardware constraints, remains an important challenge. Below, we briefly review the main 
results in ex situ BP training methodologies.

Early work on ex situ BP implementation was presented in reference [67], using an MCA 
composed of 0T1M cells, together with novel training and reading circuits that achieved 
significant area saving of up to 93% compared to the 1T1M cell structure. However, the 
authors highlight that ex situ training offers limited robustness to device variability and 
stuck faults within the crossbar. In order to examine these limitations, Mehonic et al. [112] 
analyzed in detail the influence of silicon-oxide RRAM device non-idealities on the clas-
sification accuracy of an MLP during the inference phase. The network was trained in 
software using a standard BP approach, while during inference experimental parameters 
of real 𝑆𝑖𝑂𝑥 devices were incorporated into the simulations to model weight mapping, 
HRS/LRS ratio, fault device influence, I/V nonlinearity and device-to-device variability. 
The obtained results indicate that the HRS/LRS ratio had the most significant impact on 
the MNIST classification accuracy, which reached 96.8% using the proportional mapping 
scheme (device conductances proportional to the synaptic weights) [112]. Inference using 
a 4 kbit RRAM array composed of HfAlO 1T1R cells with five resistive levels was presented 
in reference [113], where a 2-layer NN was previously trained in software using BP. Authors 
exploited low device-to-device variability of HfAlO devices to introduce a multilevel pro-
gramming scheme, providing one HRS and four LRS states. A purely software-implemented 
network was compared to hardware inference implementation, which achieves more than 
80% accuracy in the MNIST dataset, highlighting the importance of joint efforts in material 
science and algorithmic design.

Physical characteristics aware ex situ training framework (PHAX) was introduced 
in reference [114] for hybrid CMOS-memristive circuits aiming to bridge the gap 
between high-level models and circuit behavior. The authors develop an accurate 
SPICE-based modeling flow for memristive crossbars and inverter neurons and modify 
backpropagation by embedding hardware constraints. This enables effective offline 
optimization, achieving training runtime reductions of approximately 1805× compared 
to in situ methods, alongside significant energy and speed benefits, including up to 
1478× power savings over ASIC implementations. The work in reference [115] further 
improved offline training robustness by addressing sensitivity to process variations. A 
circuit-level technique is proposed that reduces crossbar loading effects on the activa-
tion function by lowering the inverter voltage transfer characteristic slope via grounded 
resistors. The resistance is tuned to balance the nominal accuracy and the tolerance 
to variation. As a result, offline trained networks achieve up to 96% improvement in 
𝜇MSE and 79% higher accuracy under 20% memristor variation compared to PHAX.

2.2.3. Parallel and In Situ Realizations of Backpropagation
Memristive crossbar arrays implemented in neural networks trained with BP offer the 

potential for three forms of parallelization: during the forward pass, backward pass and 
weight update [12,31]. Forward and backward vector-matrix multiplications are inherently 
performed in MCA through Ohm’s and Kirchhoff’s laws. The implementation of in situ 
training could enable full exploitation of hardware parallelism during weight update with 
an appropriate update scheme.

Gokmen et al., in one of the foundational papers on memristive neural networks 
training [31], introduced a theoretical approach for implementing local and parallel weight 
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updates in 2D crossbar arrays based on a concept of  Resistive Processing Unit (RPU) 
devices, which can be realized using memristive technology and support both storage 
and computation. The proposed framework is a simulation-based study that shows that 
all stages of backpropagation—forward, backward, and weight update—can be mapped 
onto crossbar arrays. While the forward and backward passes are realized through  Vector-
Matrix Multiplication (VMM) operations, the weight update is based on the outer product 
between the input and error vector and is implemented using a pulse-based stochastic 
scheme, enabling fully parallel updates with 𝑂(1) time complexity. The authors further 
provide a detailed analysis of strict device-level requirements that the RPU device must 
satisfy to realize the proposed training concept. Later work by Gokmen et al. proposed 
replacing the conventional SGD weight update within BP-based training with the Tiki-Taka 
(TT) algorithm [116], Figure 4, which allowed relaxing device symmetry requirements. 
In the TT training procedure, the weight matrix is represented as a linear combination of 
matrices A and C:

𝑊 = 𝐴 + 𝛾𝐶, (6)

where 𝛾 stands for scaling factor, while 𝐴 and 𝐶 are part of a coupled dynamical system, 
with gradients accumulated in matrix 𝐴 and weight updates performed in both 𝐴 and 
𝐶. The improved version of TT, Tiki-Taka v2 (TTv2) [117], enabled the use of a much 
smaller number of conductance states (only 10) compared to the 1000 required by Gokmen 
and Vlasov’s work from 2016 [31], while enhancing the noise tolerance with minimal 
implementation cost. This was achieved by adding matrix 𝐻 in between 𝐴 and 𝐶 (Figure 4), 
performing low-pass filtering and accumulation, [117,118]. A simulation-level study of TT 
and TT2 algorithms using real device properties of 𝑇𝑖𝑁/𝐻𝑓 𝑂𝑥/𝑇𝑖𝑁 ReRAM was done in 
reference [118], illustrating a significant decrease in test error of the LSTM network when 
TTv2 was employed, while emphasizing that the large-scale HW implementation remains 
an open issue.

Figure 4. Algorithmic diagrams of (A) SGD, (B) Tiki-Taka, (C) Tiki-Taka v2 adapted with permission 
under the Creative Commons Attribution (CC BY) license from reference [118].

Moving towards hardware realization, backpropagation with SGD was used for training 
a two-layer MNN implemented on a 128 × 64 memristor array with a 1T1R configuration 
(Figure 5), where each weight was represented as a differential synaptic pair, and updated 
using in situ online training [119]. During the feedforward stage, the crossbar architecture was 
utilized to compute the weighted sums of voltages in parallel within each layer, while peripheral 
circuits were used to convert output currents to voltage, while the nonlinear activation was 
realized in software. In the feedback phase, error backpropagation and weight changes 
were computed in software, while the updates were applied to the crossbar using a partially 
parallel update scheme in which one memristor line was updated at a time [119,120]. A 
fully hardware implementation of a two-layer perceptron using 128 × 64 crossbar arrays 
and trained through a combined hardware and software approach was reported by Kiani 
et al. [121]. The training combined in situ approach with software support, and weight 
updates were performed in the form of one-shot blind programming, while inference was 
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realized completely in hardware. Authors also included non-ideality influence analysis of 
network performance covering nonlinearity in conductance tuning and noise originating from 
hardware realization of ReLU. The presented perceptron built using analog neurons achieves 
substantially lower hidden layer latency by eliminating the need for additional peripheral 
circuitry, thereby improving energy efficiency and computational throughput [121].

Figure 5. In situ learning with the memristive 1T1R chip.  (a) Wafer level view of 1T1R arrays. (b) Chip 
view featuring arrays of different size. (c) Micrograph of 1T1R cell. (d) Integrated 128 × 64 array 
divided into first and second network layers. (e) Accuracy versus the number of training samples 
for experimental results and defect-free simulations., adapted with permission under the Creative 
Commons Attribution (CC BY 4.0.) license from reference [119].

Circuit-level analysis that introduces row parallel weight update within an in situ 
training scheme for both memristive  Multi-Layer Neural Network (MLNN) and memristive 
convolutional neural networks (MCNNs) was reported by Liu et al. [122]. In this work, 
MCAs were utilized to implement fully connected layers as well as convolutional and 
average pooling operations. Training of the memristive MLNN and MCNN architectures 
was performed using the  BP algorithm through a six-step procedure: (1) global reset of all 
memristors, (2) forward propagation and error computation, (3) backward propagation 
of error signals, (4) determination of the required weight updates, (5) calculation of the 
corresponding programming voltages, and (6) application of these voltages to update the 
memductance values via row-parallel programming. The procedure was iteratively repeated 
until the loss function reached a predefined convergence threshold. All input preprocessing, 
intermediate convolution operations, update computations, and programming-voltage 
generation were executed by dedicated peripheral circuits. The weight update is realized 
through the row-parallel updating method in two phases per each row: the first increasing 
the conductance, and the second decreasing the conductance of selected memristors, as 
illustrated in Figure 6, with color mapping (red memristors have increased conductance, 
green decreased and blue devices remain unchanged). The realized MCNN performed 
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well on the MNIST dataset; however, its performance deteriorated significantly on the more 
complex CIFAR-10 dataset.

Figure 6. Two phase row parallel updating, conductance of memristors M1 and M3 was increased 
while conductance of M2 was decreased after update row, adapted with permission under the Creative 
Commons Attribution (CC BY) license from reference [122].

Focusing on parallelization of the weight update process, Feng et al. introduced a 
two-step method for implementing weight update using BP with the SGD algorithm, where 
weights in the crossbar are updated in parallel, independently of array size [123]. The 
method relies on the modulation of the duration and polarity of training pulses according 
to the amplitude and sign of the input and error product (for details, see [123]). Vali-
dation is performed through circuit-level PSPICE simulations and VTEAM memristive 
model [124]. The method is applicable to general 1T1M crossbar architectures employing 
voltage-controlled, time-invariant memristive devices [125], provided that the on-resistance 
of the transistor in the linear regime must be significantly lower than the corresponding 
memristance [108,123]. Further parallelization of all stages of BP was recently proposed by 
Prajapati et al. [120] with a 1M synaptic design for both  MLNN and single-layer neural net-
works (SLNN), as in situ supervised training. The MLNN and SLNN architectures, realized 
in LTspice using the Yakopcic memristive device SPICE model [126], fitted to parameters of 
two realistic memristors [127,128]. The systems achieved classification accuracy comparable 
to state-of-the-art results on the NASA Asteroid [129], Breast Cancer Wisconsin [105], and 
IRIS datasets [130]. A fully parallel weight-update mechanism, allowing all memristive 
synapses to be programmed concurrently, significantly reduces training time and improves 
tolerance to device variations, nonlinearity and fault conditions. The presented results 
represent a follow-up of the authors’ previous work [131], including nonlinearity and fault 
analysis, while reducing the synaptic circuit from a 2M to 1M structure. Although the weight 
updating operation in 𝑂(1) time is reported, the study lacks a hardware demonstration and 
validation across a variety of different network architectures.

2.2.4. Hardware-Aware Backpropagation
Hardware-aware (HWA) backpropagation focuses on addressing issues associated 

with constraints of memristive hardware, including weight update, various device non-
idealities, limited number of conductance states and related limitations, by modifying 
the training algorithm accordingly. One possible direction of HWA training is mixed-
precision training, in which computational and storage are distributed between different 
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hardware components. An important breakthrough in the field was achieved by Ambrogio 
et al. [34] in 2018, demonstrating for the first time software-level accuracy using a combined 
hardware–software neural network approach. The synaptic cell was composed of the 
differential pair of non-volatile PCM devices, implemented in hardware, with a SPICE 
simulation model of a volatile 3T1C storage element also in the form of a differential 
pair. During training, weight updates occurred in the 3T1C units, and were periodically 
transferred to nonvolatile PCM devices, leading to improved computational energy efficiency. 
Gradual and bidirectional weight updates were enabled by adding or removing charge in the 
3T1C capacitor, which mitigates the impact of PCM non-idealities on network performance. 
Following this concept, an on-chip mixed-precision training method using a  PCM hardware 
platform was presented in reference [64]. The proposed approach in training MNNs using 
backpropagation with SGD is enabled by combining computational memory units composed 
of multiple crossbar arrays with high-precision digital units as illustrated in Figure 7. Analog 
memory units perform weighted summations in forward and backward training passes 
according to Kirchhoff’s and Ohm’s laws, while a high-precision digital unit computes and 
accumulates gradient-based weight updates. When the accumulated weight update exceeds 
the threshold, blind single-shot voltage pulses are applied for programming of  PCM devices. 
Simulation-level results show further that this approach can be extended beyond MLP to 
more complex architectures such as CNNs, LSTMs and GANs while effectively suppressing 
the impact of the stochastic behavior of nonlinear devices [64]. Wu et al. [25] showed 
that the mixed-precision training scheme introduced in reference [64] can be applied to 
an analog–digital heterogeneous system employing 1T1R crossbar arrays based on non-
filamentary bulk RRAM (b-RRAM) as analog CIM units. Convolutional kernels were 
mapped to memristors, while high-precision weight values 𝑊𝐹𝑃 were maintained in the 
digital unit. The weight update was accumulated in the weight matrix Δ𝑊𝑘

𝐹𝑃 as

Δ𝑊𝑘
𝐹𝑃+ = Δ𝑊𝑘, (7)

where 𝑘 denotes the layer index. When Δ𝑊𝑘
𝐹𝑃 exceeded the threshold value, the memristance 

was modified (write-and-verify mode), after which Δ𝑊𝑘
𝐹𝑃 was reinitialized to zero. The 

described system was used to experimentally implement LeNet, while VGG-8, and ResNet-
18 were evaluated at the simulation level. The method enabled sparse weight updates, 
supported various optimization techniques, and mitigated different device- and system-level 
non-idealities [25].

Another HWA methodology relies on incorporating real device characteristics into 
the training algorithm. In line with this, Mikhaylov et al. [132] presented one of the 
first hardware implementations of an MLP with practical memristive synapses, using an 
array of 32 metal-oxide memristive devices in a fully integrated one-board analog–digital 
system that accounted for device-to-device and pulse-to-pulse variations. The authors 
demonstrate a complete training workflow based on error backpropagation adapted to 
memristor constraints, validate robustness to resistance variability, and showcase nonlinear 
classification on simulated neuronal activity patterns. Moreover, the impact of randomly 
distributed stack OFF devices, as selected non-ideality, was investigated as part of the 
non-ideality-aware training approach reported in reference [133], demonstrating improved 
robustness to a Fast Gradient Sign Method (FGSM) attack. Another problem of achieving 
linear control over weight updates, which is important for efficient implementation of the 
BP algorithm in memristive hardware, while preserving network accuracy, was investigated 
by Gunakin et al. [134]. The authors proposed the usage of the artificial bee colony (ABC) 
optimization algorithm to determine circuit parameters of memristive synaptic elements 
and their corresponding linear ranges, resulting in approximately linear control of weight 
updates. An additional circuit-level improvement of memristive MLNN, aimed at enabling 
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on-chip training, was presented in reference [135] by introducing a memristive circuit for 
storing the product of two analog voltages. Consequently, ADC and DAC units were not 
required, leading to approximately 2× improvement in energy efficiency and 1.5× speed up 
compared to systems relying on signal conversion.

Figure 7. Mixed precision deep learning architecture using memristors: (A) neural-network forward 
and backward propagation; (B) in-memory computation combined with high-precision digital calcu-
lation of weight updates, adapted with permission under the Creative Commons Attribution (CC 
BY) license from reference [64].

Adaptations of BP from an algorithmic perspective, in the narrow sense, can also be 
classified as hardware-aware BP approaches. A representative example is the sign back-
propagation (SBP) algorithm, an on-chip learning algorithm, based on the sign of the 
backpropagation error, demonstrated for training of Resistive Random Access Memory 
(RRAM)-based two-layer 744-300-100 MLP [136]. Within the presented work, the forward 
pass is implemented using binary interfaces with current comparators placed at the output 
of crossbar arrays, while the backward pass uses the sign of error to determine the update 
operation (SET or RESET) applied to RRAM devices [136]. The SBP algorithm achieves 
94.5% accuracy on the MNIST dataset [107], whereas operation time and consequently 
energy consumption can be controlled with proper selection of the quantization thresh-
old value [136]. Furthermore, non-idealities, including weight update nonlinearity and 
SET/RESET asymmetry, can be partially compensated. On the other hand, Dong et al. [36] 
proposed a new weight update rule for BP and implemented it on memristive neural net-
works (MNN), in which gradients are computed from current and previous iterations, 
i.e., accumulated during the gradient descent phase. The resulting algorithm named Back-
propagation with gradient accumulation (BP-GA) was applied for training of single-layer 
perceptron (SLP),  MLP and  Convolutional Neural Networks (CNN) with memristive cross-
bars and compared with conventional BP [36]. The results obtained indicate insensitivity 
of the BP-GA algorithm in a wide range of learning rate values, as well as in device non-
idealities (noise, variations in the ratio of ON-to-OFF states and low number of conductance 
states), while maintaining relatively high accuracy [36]. Recently, Liu et al. [37] proposed 
the  Error-aware Probabilistic Update (EaPU) method as an enhanced backpropagation-
based training approach for MNNs, addressing the algorithm–device mismatch arising 
from stochastic conductance updates that can affect training stability. The underlying idea is 
to enlarge the weight update magnitude (see Equation (4) in reference [37]) to suppress the 
influence of update noise, while reducing the overall number of weight updates to below 1%. 
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As a result, the training energy is reduced by 50× compared to the reported BP applied on 
MNNs. He et al. introduced a model-centric HWA training approach based on the discrete 
memristor model [137] that satisfies the three-fingerprint definition of memristors [15]. The 
model was afterwards used as a building element of a Discrete Memristor Backpropagation 
Neural Network (DM-BPNN) [138]. Within the discrete memristive neural module, the 
input signal is implemented as a discrete current, while the output is represented as a 
discrete voltage. Additionally, a control signal determines whether the memristance of 
the synaptic element is updated, depending on whether the network is operating in the 
forward or backward phase. The application of the DM-BPNN was demonstrated on the 
MNIST character recognition task using a three-layer neural network, achieving 97.16% 
classification accuracy with a preprocessing stage [138], although the study was limited to 
numerical simulations.

2.3. Backpropagation Through Time
Backpropagation Through Time (BPTT) represents an extension of the conventional 

BP algorithm, specifically designed for dynamic systems, including neural networks with 
memory (Recurrent Neural Networks, RNNs), control systems, fuzzy logic structures, and 
temporal pattern recognition systems [139,140]. The ability of BPTT to capture spatio-temporal 
dynamics makes it particularly suitable for SNNs, including Memristive SNNs (MSNNs), in 
which neuronal internal states vary over both space and time [38,141] (Figure 8).

Figure 8. BPTT (a) and DFATT (b) training algorithms—forward pass annotated with green lines, 
while backward pass is represented as blue dashed lines. Reproduces with permission from refer-
ence [38], © John Wiley & Sons, 2025.

A direct implementation of BPTT on fully memristive SNNs was presented by 
Zhou et al. [142,143], exploiting the analog nature of memristive neurons and synapses, 
allowing intrinsic differentiation without the need for approximate approaches such as sur-
rogate gradients [144]. Kang et al. first introduced the memristive integrate-and-fire (MIF) 
neuron model in reference [44], composed of two memristors, two DC voltage sources, and 
a capacitor, enabling the reproduction of depolarization, hyperpolarization, and repolar-
ization phases. The model was later employed in reference [142,143], where network-level 
learning was validated through SPICE simulations together with memristive synapses. 
The reported accuracies of the lightweight MSNN are comparable to those in the existing 
literature on fully memristive SNNs, while retaining low peripheral circuit complexity and 
achieving significant improvements in area, latency, and power consumption (due to sparse 
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activity of only 2% of neurons) compared to mixed-signal architectures [143]. A particularly 
simple realization of the leaky integrate-and-fire (LIF) neuron based on memristors can 
be achieved using only a single volatile (diffusive) memristor and one capacitor [145,146], 
while preserving spatial and temporal integration, spike generation, and the decay of 
the local gradient potential (LGP). This hardware-efficient structure facilitates shallow 
MSNN designs that support direct BPTT training by leveraging the inherent physical prop-
erties of the volatile memristor, thus reducing the requirement for auxiliary peripheral
circuitry [38].

Another application of the BPTT algorithm is the training of a distinct class of recurrent 
neural networks with memory blocks, known as  LSTM networks [147]. Introduced in 1997 to 
address the vanishing and exploding gradient problems [148], this architecture is composed 
of LSTM cells that initially included input and output gates, while a forget gate was added 
later to enable the removal of unnecessary information [147,149]. The computational structure 
of LSTM can be interpreted in a memristive framework by implementing its vector–matrix 
multiplications within a MCA formed from memristive synaptic circuits [147], offering re-
duced area footprint and improved energy efficiency [150]. Gokmen et al. [151] mapped 
the LSTM computational block onto a same-size Resistive Processing Unit (RPU) array to 
enable parallel execution of vector–matrix multiplications in large-scale LSTM networks. The 
remaining nonlinear operations are handled by a digital module referred to as the nonlinear 
function (NLF) unit. The reported results indicate that the asymmetry of weight updates has 
a crucial impact on network performance, alongside the reduced signal resolution through 
the use of a stochastic rounding scheme [151]. Notable contributions to memristive LSTM 
architectures were reported by Smagulova et al., who first proposed a current-based LSTM 
design [152] and later demonstrated its applicability across several tasks [147]. The proposed 
memristive LSTM framework was applied to a range of sequence-processing problems, in-
cluding time-series forecasting [153], sequential data processing and storage [154], and wafer 
quality inspection [155].

The first hardware implementation of a memristive LSTM was reported by Li et al. [156], 
who integrated a 128 × 64 1T1R MCA into the LSTM layer and used it for in situ  VMM and 
parameter storage. The resulting LSTM-based RNN was trained using the BPTT algorithm 
with a two-phase weight update scheme [119], with software implementation of nonlinear 
units of the FC layers and gated units in the LSTM layers, and evaluated through regression 
and classification experiments. The delta rule was used for the calculation of weight gradients, 
while the optimization method for airline passenger prediction (regression) was stochastic 
gradient descent with momentum (SGDM), and the root mean square propagation (RMSProp) 
optimizer was used for the classification task (human gait identification). The authors claim 
that the proposed in situ training approach can adapt to hardware defects and has the potential 
to reduce latency and power consumption compared to classical LSTM implementations [156].

Improvements in the system architecture were presented through the memristor-based 
LSTM (MbLSTM), which is composed of a memristor-based LSTM cell, a dense layer, and a 
 Winner-take-all (WTA) module [150]. The authors presented and simulated a circuit design 
enabling in situ training, including implementations of activation functions and a solution 
for identifying the maximum output in classification tasks using a WTA block following the 
dense layer. Robustness analysis with respect to update inaccuracies and conductance errors 
demonstrates promising performance, while requiring a reduced number of components 
within the LSTM cell [150].

Recent work by Dalgaty et al. [46] employs BPTT with surrogate gradient for training 
of SNNs within the Mosaic neuromorphic architecture, which is based on a small-world 
topology characterized by dense local and sparse long-range connections between neurons. 
ReRAM arrays are integrated into computing and routing blocks of the architecture, allow-
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ing in-memory routing, while maintaining competitive accuracy and offering significant 
potential for energy savings. The authors emphasize the need for novel training procedures 
to fully exploit the advantage of small-world topology.

2.4. Contrastive Divergence Learning Algorithm for Memristive Neural Networks
The Contrastive Divergence (CD) Learning Algorithm was proposed in 2002 by Ge-

offrey E. Hinton [157] as a stochastic gradient approximation method relying on Gibbs 
sampling, designed for training of Restricted Boltzmann Machines (RBM), an energy-based 
model used as a constituent layer of Deep Belief Networks (DBNs). The two-memristor 
model utilized for storing synaptic  Long-term Potentiation (LTP) and long-term depression 
(LTD) weights in the RBM model was presented in reference [158] in 2015. An altered 
CD algorithm adjusted for HW implementation is employed, where weight updates are 
performed in two write cycles, which reduces the need for storing of weight value within a 
neural node but potentially increases training latency.

More recently, Kvatinsky et al. [159] reported hardware-level simulation of memristive 
DBN with online Contrastive Divergence training, which enables stochastic binary activa-
tions and eliminates the need for ADC or DAC peripherals, external circuits for activation 
functions and memory units for intermediate states of hidden layers. Authors claim im-
munity of memristive synapses from non-idealities, including asymmetry in potentiation 
and depression, limited conductance levels (even two conductance levels accuracy reaches 
above 97%), nonlinear and asymmetric weight updates, write variations, device yield and 
nonlinear I-V curves. Scaling up requires including convolutional layers, which was not 
considered in this study.

2.5. Feedback Alignment Algorithms in Memristive Systems
Unlike the classical  BP method, which calculates the gradient by sequentially propa-

gating the error backward from the output layer through all the hidden layers, the feedback 
alignment demonstrates that the weights used for error propagation do not need to be 
symmetric with the feedforward weights [160]. Instead, the network reduces the error 
by learning to align with fixed, random feedback weights, through which the error signal 
propagates backward. Nokland [160] introduces two variations in this approach, which 
differ mainly in how the error signal is routed. In  Direct Feedback Alignment (DFA), the 
error signal is transmitted directly and simultaneously from the output layer to each hidden 
layer. In contrast, in  Indirect Feedback Alignment (IFA), the error is projected directly to the 
first hidden layer via random weights, and then propagates forward to subsequent layers 
using the original feedforward weights. A comparison of these methods is illustrated in 
Figure 9.

The motivation for utilizing the  DFA algorithm arises from the localized processing 
observed in biological neural networks [161]. The primary objective is to perform computa-
tions directly within memory, thereby minimizing global data movement and avoiding the 
von Neumann bottleneck. While  DFA aims to approximate the performance of standard BP, 
it is specifically designed to accommodate non-von Neumann architectures by significantly 
lowering computational and routing requirements [162]. However, while standard  DFA 
successfully bypasses the weight transport problem inherent in  BP, it still requires dense 
feedback connections. Consequently, as the network scales, routing the entire global error 
vector to every hidden neuron becomes a hardware bottleneck. To address this limitation, 
Crafton et al. [161,162] propose extensions of the  DFA algorithm for  Deep Neural Network 
(DNN), known as Sparse  Direct Feedback Alignment (Sparse  DFA) and  Single-connection 
Sparse Direct Feedback Alignment (SSparse DFA). In these algorithms, the amount of 
information required to compute the error gradient at any individual neuron remains fixed, 

https://doi.org/10.3390/electronics15214892

https://doi.org/10.3390/electronics15214892


Electronics 2026, 15, 4892 18 of 66

regardless of network size. Unlike  BP, which strictly requires sequential error propagation 
through all interconnected layers,  DFA directly projects the network’s output error to the 
hidden layers. Sparse  DFA further optimizes this by applying a highly sparse feedback 
matrix, effectively eliminating the vast majority of error routing connections in the hardware 
realization. In  SSparse DFA, this sparsity is maximized such that each neuron requires 
only a single scalar error signal to update its weights. Regarding network performance, 
Crafton et al. note that training deep  CNN entirely with feedback alignment can result in 
accuracy degradation [161]. However, the authors demonstrate that by utilizing pre-trained 
convolutional layers as feature extractors, Sparse  DFA and  SSparse DFA can be used to 
train the fully connected layers while maintaining near-BP performance. Empirical results 
indicate that drastically increasing the sparsity of the feedback matrix has a minimal im-
pact on accuracy across tested networks. Conversely, increasing the rank of the feedback 
matrix generally sustains or improves accuracy. As highlighted in reference [162], the tran-
sition away from standard von Neumann architectures requires technologies optimized 
for localized, in-memory computing, such as  Resistive Random Access Memory (RRAM). 
These memristive crossbar arrays are highly compatible with the localized update rules 
of  DFA and Sparse  DFA, offering a highly energy-efficient and scalable alternative to the 
computationally expensive and memory-intensive  BP algorithm.

Figure 9. Comparison of different error transportation methods. The green arrows represent the 
activation paths, while the red arrows illustrate the error propagation. Trainable weights updated 
during the learning process are labeled as 𝑊𝑖, whereas 𝐵𝑖 denotes the fixed and random weights. 
(a) Backpropagation, (b) Feedback Alignment, (c) Direct Feedback Alignment, (d) Indirect Feedback 
Alignment [160].

To establish baseline models, the authors in reference [163] initially train  SNN offline 
employing methods such as  Backpropagation Through Time (BPTT) and Surrogate Gradi-
ent Learning. However, implementing these networks on  In-Memory Computing (IMC) 
architectures such as RRAM exposes them to unavoidable hardware variations, primarily 
because IMC relies on continuous, analog dot-product operations. To solve this problem, 
online adaptation of pre-trained models is necessary. The use of BPTT introduces additional 
delays through layer-wise gradient propagation across multiple timesteps. Furthermore, 
implementing BPTT structurally requires transposable memory crossbars, an addition that 
substantially inflates both the physical footprint and power consumption of the peripheral 
circuitry. For this reason Bhattacharjee et al. [163] propose using DFA for online adaptation 
on resource-constrained and non-ideal edge devices, which has shown better non-ideal 
accuracy compared to BPTT. The results show a 64.1% reduction in energy consumption, 
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a 10.1% decrease in area overhead, and a 2.1 times reduction in latency relative to BP, all 
while achieving higher accuracy.

Using an RRAM-based IMC architecture, a software-hardware co-design featuring 
a hardware-friendly training algorithm,  Spiking Direct Feedback Alignment (SDFA), is 
proposed in reference [164], with the goal of accelerating SNN training. On the software 
side, sequential error propagation is eliminated, and on the hardware side, a three-level 
pipelined dataflow is implemented to parallelize the training process. The reported training 
accelerator demonstrates significant improvements in both performance and efficiency 
compared to traditional BP, specifically achieving up to a 10.5 times speedup and a 2.1 times 
reduction in energy consumption with less than 2% accuracy loss [164].

The first implementation of Direct Feedback Alignment Through Time (DFATT) for 
training shallow memristive spiking neural networks was recently presented by Samardzic 
and Dautovic [38]. The proposed architecture employs SPICE-based models of LIF neurons 
alongside memristive synapses, achieving average reduction in training time per epoch of 
approximately 50% compared to BPTT, while maintaining comparable accuracy. DFATT 
enables simultaneous training of all layers (Figure 8), reduces memory requirements by 
eliminating the need for weight transpose matrices, and allows direct training without 
surrogate gradient methods due to the availability of analog voltage signals. Furthermore, 
although the presented MSNNs were shallow, DFATT facilitates also layer-wise paralleliza-
tion, providing additional acceleration in deeper neural networks.

2.6. Gradient Based Training for Memristive Convolutional Neural Networks
CNNs, as a widely used deep learning architecture for image-related tasks, can be 

significantly advanced through hardware implementations based on memristive devices. 
In such systems, memristive crossbar arrays enable highly parallel execution of convolution 
operations, while serving as tunable synaptic weights [26,165]. These architectures have 
been demonstrated to support both ex situ and in situ training under device constraints, 
exploit three-dimensional integration for scalable network design, and provide local storage 
of input data and intermediate results, improving computational efficiency and energy 
consumption [66,166]. Due to their widespread adoption and broad applicability, we 
dedicate a separate subsection to memristive implementations of CNN architectures trained 
using gradient-based methods.

Yakopcic et al. [165] first introduced the possibility of performing convolution oper-
ations using memristor circuits for CNNs trained ex situ, where the trained weights are 
programmed into memristive devices using a feedback write scheme [167]. The demon-
strated CNN recognition system, trained using a gradient-based algorithm, can perform 
𝑁×𝑀 convolution operations in parallel, where N denotes the number of input feature maps 
and M the number of output feature maps, using memristive devices with at least 16 conduc-
tance states. The same group later proposed a method for obtaining the entire output feature 
map in a single processing cycle, eliminating the need for intermediate digital storage be-
tween layers [168]. The approach stores convolutional kernels in memristive crossbars and 
expands them into large sparse matrices, enabling fully parallel dataflow. Training is per-
formed ex situ, allowing arbitrary learning algorithms to be used for weight determination. 
The first implementation of deconvolutional layer forming complete  Memristive Fully Con-
volutional Network (MFCN) architecture trained ex situ and validated through Simulink, 
was presented by Wen et al. [169]. The deconvolution kernel was represented through 
a sparse matrix, improving memristive crossbar utilization, whereas max-pooling layers 
were realized using voltage selector circuits, while the large number of weight parameters 
affecting computation speed remains untackled. Later on, Wen et al. [170] introduced the 
 Convolution Kernel First Operated (CKFO) algorithm and applied it to the newly designed 
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simulated memristive CNN, as an improvement of the Caffe algorithm [171], aiming to re-
duce calculation after weight pruning. The CKFO algorithm replaces multiple dot products 
of matrices with a multiplicative operation of a matrix and a single kernel [170]. Reported 
advantages include reduction in sliding time with increased input size and straightfor-
ward application of pruned weight results without required modification of memristive 
convolution layers [170].

Extending the application of memristive CNNs, the pioneering use of memristors for 
video recognition was demonstrated in reference [166] through a simulation-based proof of 
concept employing 3D CNNs, whose additional temporal dimension captures correlations 
between consecutive frames. A voltage pulse–based training scheme was proposed to adjust 
network weights implemented using 3 × 3 memristor arrays organized into functional layers, 
including convolutional–pooling and  Fully Connected (FC) layers, whereas memristor read 
and write error were not taken into account.

Moving toward hardware-efficient realization of memristive CNN based on MCA, 
Tan et al. [172] introduced a novel full-size convolutional algorithm (FSCA) with mini-
batch  SGD optimization. According to this method, the number of convolution operations 
is independent of the input matrix size, enabling a larger number of convolutions to be 
performed within a single computational flow. The input convolution operation in the FSCA 
applied to an input matrix 𝑋 of size 𝑚 × 𝑚 can be described by the following equation:

𝑌(𝑘, 𝑙) =
⌈𝑑/𝑠⌉
∑
𝑖=1

⌈𝑑/𝑠⌉
∑
𝑗=1

𝑚−𝑑+1
∑

𝑝=𝑖+(𝑖−1)𝑠

𝑚−𝑑+1
∑

𝑞=𝑗+(𝑗−1)𝑠
𝑋𝑑×𝑑(𝑝 ∶ 𝑝 + 𝑑 − 1, 𝑞 ∶ 𝑞 + 𝑑 − 1) ∗ 𝐾𝑑×𝑑 (8)

where 𝐾 is the convolution kernel of size 𝑑 × 𝑑, 𝑠 is the stride, indexes 𝑘 and 𝑙 in increments 
of step 𝑑 + 𝑠 − 1, ∗ is the convolution operation and ⌈.⌉ is the ceiling function. The resulting 
approach requires ⌈𝑑/𝑠⌉2 operations to complete the computational flow while achieving 
directional 𝑑 × 𝑑 kernel convolution of size ⌈(𝑚 − 𝑑 + 1)/(𝑑 + 𝑠 − 1)⌉2 for an 𝑚 × 𝑚 input 
matrix with a 𝑑 × 𝑑 kernel, outperforming other algorithmic approaches such as Caffe [171] 
and CKFO [170]. A memristive crossbar composed of 1T3M cells for significant suppression 
of sneak-path currents achieves a computational performance of 1.23 TOPS, representing 
the most energy-efficient MCNN architecture with a power consumption of 2.41 mV for 
individual convolution operations.

A significant result in the hardware realization and training of a fully hardware-
implemented memristive Convolutional Neural Network (mCNN) was demonstrated by 
Yao et al. [66], using backpropagation with SGD and a hybrid in situ–ex situ method-
ology to compensate for device imperfections. The network architecture consists of
2048 memristor cell arrays (128 × 16 1T1R) with 32 programmable conductance states, 
grouped into eight processing elements that together realize a five-layer mCNN. Ex situ 
training was first performed in Python, after which the trained weights of the convolutional 
and  FC layers were quantized to 15-level fixed-point precision and mapped to corresponding 
memductance values. Afterwards, in situ training of the final FC layer was performed for 
fine-tuning, improving the network robustness to device non-idealities. This methodology 
is applicable to various neural network models and types of memristive devices, while 
exploiting parallelization through multiple MCA blocks to achieve low latency, and up 
to a 110× improvement in energy efficiency compared with the Tesla V100 GPU [66]. As 
another hardware approach, Lin et al. [173] constructed a hardware/software hybrid 3D 
CNN using eight layers of monolithic integrated memristor circuits, allowing pixel-wise 
parallel convolutional kernel operations. The extension of classical CNN architectures to 
a third dimension is motivated by the need to reduce the area overhead of parallel kernel 
implementations in conventional 2D arrays and to support processing of dynamic data, 
such as edge detection in video frames. Replicated kernels are placed within a single array 
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organized into row banks, composed of memristors whose conductance values define the 
weights of the convolutional kernels. Following offline training, the obtained 3 × 3 kernels 
were programmed into the 3D arrays, enabling parallel kernel operations in hardware, 
while the remaining network operations were performed in software. The system achieved 
performance comparable to a purely software implementation on the MNIST dataset [107] 
and demonstrated the capability for parallel video processing [173].

Hardware-aware training was also applied to gradient-based memristive CNNs, as 
presented in reference [27], where HWA methodology was adopted to ensure the reliable 
deployment of neural networks on analog  PCM in-memory computing cores. Prior to weight 
mapping, networks were trained in software using floating-point number representation 
while incorporating device-aware constraints such as weight clipping and controlled noise 
injection to emulate PCM variability and non-idealities. For both a two-layer MLP on MNIST 
and a ResNet-9 on CIFAR-10, the models were first conventionally trained and subsequently 
retrained with injected weight noise and progressive clipping, thereby improving robustness 
against analog imperfections. This custom retraining strategy enables accurate transfer of 
digital weights to hardware, achieving 98.6% accuracy for the MLP and 88.4% for ResNet-9 
after mapping.

A notable paper on hardware algorithm co-optimization for CNNs presented the 
NeuRRAM CIM chip [26], which integrates 48 cores and 3 million RRAM cells  Transposable 
Neurosynaptic Array (TNSA), Figure 10. The presented system enables reconfigurable 
hardware for different network architectures and supports parallel inference through various 
weight-mapping methodologies. Reported CNNs were initially trained using Keras, after 
which obtained parameters were mapped on NeurRAM arrays, where mapping strategies 
differ depending on the size of the convolutional layers, followed by the fine-tuning chip-in-
the-loop technique, one layer at a time for improved classification accuracy. The NeuRRAM 
chip also supports LSTM and  Restricted Boltzmann Machine (RBM) architectures, achieving 
inference accuracies comparable to software implementations while attaining the lowest 
energy–delay product (EDP) reported at the time [26].

A comparative summary of the gradient-based algorithms reviewed in this section is 
provided in Table 1, covering both memristive NNs and SNNs, together with their synaptic 
circuits, architectures, hardware implementations, datasets and corresponding accuracies. 
Within this table, hardware implementation refers to the use of actual physical hardware, 
such as memristive crossbar arrays, chips, and peripheral circuitry, to implement part or all 
of the neural network, rather than hardware-level simulations.

Table 1. Gradient-based algorithms in MNNs and SNNs.

Reference Algorithm Synaptic Circuit Architecture HW MNN/SNN Dataset

[36]
BP with gradient 
accumulation 
(BP-GA)

1M SLP, MLP, CNN NO MNN MNIST (96.7%), 
CIFAR-10 (58.8%)

[119] BP with SGD 1T1R MLP
memristive 

crossbar 
(128 × 64)

MNN MNIST (91.71%)

[134]
hardware aware 
BP with ABC 
optimization

1M SLP, MLP HW level 
simulations MNN IRIS (76%)

[121] BP with RMSprop 1T1R MLP

hardware-based 
neurons and 
memristive 
crossbar for 

inference

MNN MNIST (93.63%)
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Table 1. Cont.

Reference Algorithm Synaptic Circuit Architecture HW MNN/SNN Dataset

[136] Sign-BP 1T1R MLP HW level 
simulations MNN MNIST (94.5%)

[112] BP 1M MLP NO MNN MNIST (96.8%)

[30] BP 2M MLP NO MNN

MNIST (98.53% 
for batch in situ, 
95.94% for 
stochastic in situ)

[73] BP 1T1R MLP crossbar with 
PCM devices MNN subset of MNIST 

(82.9%)

[32] Manhattan 
update/Delta rule 2M SLP

transistor-free 
memristor 

crossbar (12 × 12)
MNN

3 × 3 binary 
image 
classification

[159] Contrastive 
divergence (CD) 1M

Memristive Deep 
Belief Net (DBM) 
composed of 
restricted 
Boltzmann 
machines (RBM)

HW level 
simulations MNN MNIST (95–97%)

[158] Contrastive 
divergence (CD) 2M

Restricted 
Boltzmann 
machines (RBM)

HW level 
simulations MNN MNIST (87.85%)

[108] Online gradient 
descent 1M2T MLP, SLP HW level 

simulations MNN and SNN

IRIS (97.2%), 
Wisconsin Breast 
Cancer Dataset 
(98.5%)

[103]
Modified 
chip-on-the-loop 
learning

4M memristor 
bridge synapse MLP HW level 

simulations MNN three-bit parity, 
car detection

[104]
BP with pulse 
width weight 
update

2M MLP HW level 
simulations MNN

three-input odd 
parity (100%), 
WBCD (92–93%)

[120] BP 1M SLP, MLP HW level 
simulations MNN

NASA Asteroid 
(90.43%), WBCD 
(98.59%), IRIS 
(98.22%), MNIST 
(91.27%)

[113] Online gradient 
descent 1T1R MLP 1T1R array for 

inference MNN MNIST (82.82%)

[109] Online gradient 
descent 2T1R SLP, MLP HW level 

simulations MNN
WDBC (97.0%), 
Wine (96.25%), 
IRIS (84.33%)

[138] BP
Discrete 

memristive 
synapse

three-layer 
DM-BPNN Simulations only MNN MNIST (97.16%)

[123] BP with SGD 1T1M SLP, MLP HW level 
simulations MNN OR/AND logic, 

MNIST (96.47%)

[131] Online gradient 
descent 2M SLP, MLNN HW level 

simulations MNN

WBCD (90.14%), 
IRIS (99.11%), 
NASA Asteroid 
(89.04%)

[68] Adaptive BP 1M SLP, MLP HW level 
simulations MNN

digit/pattern 
recognition 
(97.4% for 30% 
noise level)

[96] Widrow—Hoff 
(LMS) 2M SLP (SNU), MLP Single Neuron 

Unit MNN

3-input logic 
functions, MNIST 
(88% Set Reset 
mode)
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Table 1. Cont.

Reference Algorithm Synaptic Circuit Architecture HW MNN/SNN Dataset

[98] Widrow—Hoff 
(LMS) 4T2M SLP HW level 

simulations MNN three-character 
recognition

[111] Analog BP 1M MLP, DNN, BNN, 
HTM, LSTM

HW level 
simulations MNN

XOR, MNIST 
(92–93%), Yale 
face recognition 
(73.3–78.9%)

[110] Analog BP 1M MLP HW level 
simulations MNN N/A

[174] BP gradient 
descent 1T1R MLP HW level 

simulations MNN

MAGIC Gamma 
Telescope 
(86.57%), Page 
Blocks (96.35%), 
Ecoli (83.58%), 
Vehicle 
Silhouettes 
(83.43%), 
Wall-Following 
Robot Navigation 
(88.63%)

[122] BP 1M MLP, CNN HW level 
simulations MNN

XOR, MNIST 
(MLP: 96.23%, 
CNN: 98.02%), 
FMNIST (MLP: 
84.07%, CNN: 
84.43%), 
CIFAR-10 (CNN: 
50.12%)

[33] Delta rule, 
Manhattan rule 1T1R SLP 1024 RRAM array MNN

Yale Face 
Database 
(85.04%)

[142] BPTT 
(SPICEprop) 1M

fully memristive 
SNN (MIF 
output)

Simulations only SNN
MNIST (97.58%), 
Fashion-MNIST 
(75.26%)

[143] BPTT 
(MEMprop) 1M

fully memristive 
SNN (MIF 
hidden/output)

NO SNN

MNIST (93.18%), 
Fashion-MNIST 
(84.79%), 
DVS-128 Gesture 
(83.21%)

[38] BPTT / DFATT 1M
fully memristive 
SNN (MIF 
hidden/output)

NO SNN

MNIST 
(BPTT:98.7%, 
DFATT: 98%), 
Fashion-MNIST 
(BPTT: 92.8%, 
DFATT: 92.05%)

[150] BPTT 1M memristor-based 
LSTM (MbLSTM)

HW level 
simulations MNN MNIST (92.9%), 

IMDB (87.5%)

[147] BPTT 1M / 1T1R LSTM HW level 
simulations MNN

airline passengers, 
wafer quality, 
human gait

[151] BPTT with SGD RPU LSTM HW level 
simulations MNN War and Peace, 

Linux Kernel

[156] BPTT with SGDM 1T1R LSTM/RNN
1T1R memristor 

crossbar 
(128 × 64)

MNN airline passengers, 
human gait

[154] BPTT 1M LSTM HW level 
simulations MNN N/A

[153] BPTT 1M LSTM HW level 
simulations MNN time-series 

forecasting

[155] BPTT 1M LSTM, MLP, 
DNN, HTM

HW level 
simulations MNN

wafer quality 
inspection dataset 
(98.51%)
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Table 1. Cont.

Reference Algorithm Synaptic Circuit Architecture HW MNN/SNN Dataset

[175] BPTT 1M LSTM HW level 
simulations MNN

IMDB (84.3%), 
SemEval Twitter 
dataset (65.8%)

[66] Hybrid in situ/ex 
situ BP-SGD 1T1R 5-layer memristor 

CNN

fully HW 
implementation 
of memristive 

CNN

MNN MNIST (96.19%)

[166] BP 1M 3D CNN NO MNN Weizmann video 
dataset (>70%)

[173] BP 1T1R CNN
3D memristor 

array for 
convolution

MNN MNIST (98.10%)

[169] BP 1M
fully 
convolutional 
network (FCN)

HW level 
simulations MNN

Weizmann horse 
dataset (97.56%), 
LFW

[165] BP 1M CNN HW level 
simulations MNN MNIST (91.8%)

[168] BP 1M CNN HW level 
simulations MNN MNIST (98.92%)

[172]

Full size 
convolutional 
algorithm (FSCA) 
with mini-batch 
SGD

1T3M MLP HW level 
simulations MNN MNIST (98.25%)

[170] CKFO algorithm 1M CNN/LeNet-style HW level 
simulation MNN MNIST (98.43%)

[26]
hardware–
algorithm 
co-design

1T1R CNN, LSTM RRAM based 
CIM chip MNN

MNIST (99%), 
CIFAR-10 
(85.7%), Google 
Speech 
Commands 
(84.7%), image 
reconstruction 
(70% error 
reduction)

[25] mixed-precision 
BP 1T1R LeNet-5, VGG-8, 

ResNet-18 CIM SoC MNN MNIST (97.73%)

[64] mixed-precision 
BP with SGD

PCM differential 
pair

MLP, CNN, 
LSTM, GAN PCM chip (MLP) MNN MNIST (97.73%)

[31] BP stochastic 
update rule RPU device MLP HW level 

simulations MNN MNIST (≈98%)

[34] BP 2PCM + 3T1C MLP PCM arrays MNN

MNIST (97.95%), 
MNIST-backrand 
(82.13%), 
CIFAR-10 
(88.29%), 
CIFAR-100 
(67.96%)

[67] BP 2M MLP HW level 
simulation MNN MNIST (92.4%)

[37] hardware-aware 
BP/EaPU 1T1R

Autoencoder, 
ResNet, SRNet, 
Swin Transformer

1T1R memristor 
crossbar MNN

MNIST denoising 
(SSIM 0.896), 
SRNet ×2
super-resolution 
(SSIM 0.933)

[135] stochastic BP 2M MLNN HW level 
simulations MNN XOR, odd parity, 

IRIS
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Table 1. Cont.

Reference Algorithm Synaptic Circuit Architecture HW MNN/SNN Dataset

[46]
BPTT with 
surrogate 
gradient

1T1R recurrent SNN memristor 
crossbar SNN

ECG anomaly 
detection (91.8%), 
SHD keyword 
spotting (70.3%), 
motor control 
(gained reward: 
723.86)

[99] batch gradient 
descent 2M SLP

fully integrated 
chip with passive 

54 × 108 
memristor 

crossbar, interface 
circuitry and 

OpenRISC 
processor

MNN
5 × 5 Greek-letter 
classification 
(100%)

[133] nonideality-aware 
BP 2M MLP Simulations only MNN MNIST (98%), 

FMNIST (88%)

[115]

Offline BP with 
nonlinear 
conjugate-
gradient 
optimization

2M Inverter-based 
MNN

HW-level 
simulations MNN /

[114]

Physical 
Characteristics-
Aware ex situ BP 
(PHAX)

2M MLP HW-level 
simulations MNN

MNIST (100%), 
BCW (98%), IRIS 
(100%)

[132] Device-aware 
conventional BP 2M MLP

memristive chip, 
peripheral 
circuitry, 

simulation of 
ANN

MNN

nonlinear 
classification 
problem/neu-
ronal activity 
simulated in 
cultured 
hippocampal 
network

[163] DFA
1T1R (4-bit 

RRAM devices, 
NeuRRAM)

multilayer SNN

HW level 
simulations based 
on experimental 

data from 
NeuRRAM [26]

SNN

FMNIST 
(85.12%), 
UCI-HAR 
(85.61%), HHAR 
(82.55%)

[72] Perceptron 
learning rule 2M SLP memristive 

crossbar MNN
binary X/T 
pattern 
classification

[164] SDFA 1T1R PipeSFDA, MLP, 
CNN

HW level 
simulations based 
on experimental 

data from 
NeuRRAM [26]

SNN

N-MNIST 
(97.97%), SHD 
(73.29%), Braille 
letter (99.26%), 
DVS-Gesture 
(93.75%), 
N-Caltech101 
(64.38%)

[116] BP with Tiki-Taka RPU FCN, LeNet-5, 
LSTM Simulations only MNN

MNIST (≈98%), 
War and Peace 
dataset (test cross 
entropy loss ≈ 2)

[117] BP with Tiki-Taka 
v2 RPU FCN, LeNet-5, 

LSTM Simulations only MNN

War and Peace 
dataset (test cross 
entropy 
loss ≈ 1.5)

[118] BP with TT and 
TTTv2 1R/1T1R LSTM HW level 

simulations MNN

War and Peace 
dataset (test cross 
entropy 
loss ≈ 1.55)
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Figure 10. NeurRAM chip.  (a) Chip overview including cross layer design optimization, reconfigu-
ration, energy–delay benchmarking and hardware inference accuracy comparable to software models 
with 4-bit weights. (b) Multi-core architecture. (c) Micrograph of CIM core. (d) Cross-section TEM 
image of integrated RRAM CMOS layers  adapted with permission under the Creative Commons 
Attribution (CC BY) license from reference [26].

3. Gradient-Free Algorithms
Gradient-free learning methods in memristive neural networks can be broadly catego-

rized into stochastic perturbation-based approaches, evolutionary algorithms, forward-only 
training paradigms, and reservoir computing methods. These categories reflect distinct 
strategies for avoiding explicit gradient computation while enabling efficient in situ learning 
under the non-ideal and often stochastic characteristics of memristive devices. In contrast 
to conventional backpropagation, these methods aim to reduce computational overhead, 
relax precision requirements, and better align with the physical properties of emerging 
hardware. Reservoir computing follows a similar motivation, relying on fixed dynamical 
systems combined with trained readout layers, and has also been explored in the context of 
memristive implementations. The topic is covered through four subsections, addressing 
stochastic and perturbation-based methods, evolutionary and nature-inspired algorithms, 
forward-only training methods, and reservoir computing approaches. The classification is 
mainly based on the underlying gradient-free learning mechanism, while reservoir comput-
ing is considered separately in the final subsection due to its distinct training paradigm, in 
which the reservoir dynamics are typically fixed, and learning is primarily restricted to the 
readout layer.

3.1. Stochastic and Perturbation-Based Methods
These methods approximate the update direction using stochastic sampling or small 

perturbations of conductance values, thereby avoiding explicit gradient evaluation. Learn-
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ing is typically guided by probabilistic rules or performance-based feedback, which simpli-
fies hardware implementation and reduces sensitivity to device non-idealities.

Zhang et al. [176] introduced a probabilistic update scheme for memristor-based CNNs, 
in which multiple operating modes balance accuracy and hardware cost, while eliminating 
the need for precise pulse control. Similarly, [177] employed a model-free perturbation 
strategy in a robotic control setting, where system performance is evaluated under small 
conductance variations to iteratively guide learning. These approaches significantly reduce 
programming complexity and enable efficient, low-overhead hardware implementations 
while maintaining competitive performance.

3.2. Evolutionary and Nature-Inspired Methods
Evolutionary approaches rely on population-based search mechanisms, such as mu-

tation, crossover, and selection, which can be naturally mapped to stochastic switching 
behavior in memristive devices. These methods completely avoid gradient information and 
instead explore the solution space through iterative refinement of candidate solutions.

Several works have demonstrated the suitability of memristive hardware for implement-
ing such algorithms. In reference [178], a  Memristive Network-based Genetic Algorithm 
(MNGA) was proposed, where the structure of the network is directly mapped to the popula-
tion and evolutionary operations, enabling efficient image edge detection. In reference [179], 
stochastic stateful logic was used to realize mutation and crossover operations through in-
herent switching variability, significantly reducing circuit complexity and enabling compact 
binary-weight implementations. Furthermore, [180] presented a brain-inspired architecture 
that integrates evolutionary processes, including parent selection and offspring generation, 
directly within memristive arrays, enabling continuous online adaptation and fault toler-
ance. Simulated annealing-based optimization was also explored in reference [181], where 
the method mitigates the impact of hardware imperfections and improves accuracy across 
multiple neural network architectures. Despite these advantages, comparative analysis 
in reference [182] indicates that evolutionary approaches do not universally outperform 
alternative methods, as simpler local update rules may exhibit greater robustness in the 
presence of permanent device degradation.

3.3. Forward-Only Training Methods
Forward-only methods eliminate the need for backward signal propagation by using 

layer-wise or local objectives, enabling training with strictly forward passes. This paradigm 
is particularly well suited to memristive hardware due to its compatibility with in-memory 
computation, reduced data movement, and simplified control logic.

Recent work has adapted the Forward-Forward algorithm to memristive systems, 
demonstrating the feasibility of fully in-memory learning under realistic hardware con-
straints. In reference [183], the algorithm was modified to operate on  RRAM devices, includ-
ing co-optimization of programming conditions to achieve noise characteristics compatible 
with forward-only updates. The approach was validated on real-world biomedical data, 
showing robustness to device variability. Extending this line of work, [184] demonstrated 
energy-efficient on-chip learning using low-voltage, single-pulse updates, significantly 
reducing power consumption while maintaining stable analog states. The method achieved 
performance comparable to backpropagation on complex tasks, indicating that forward-
only training represents a promising direction for scalable and hardware-aligned learning 
in memristive systems.

Table 2 summarizes representative gradient-free, local, and reservoir-based learning ap-
proaches reported for memristive systems, covering local update rules, stochastic-adaptive 
learning, evolutionary strategies, forward-only learning, and reservoir computing. For 
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each work, it compares the learning algorithm, training scope, gradient use, memristive 
implementation, network architecture, implementation level, and evaluation dataset to 
highlight the main design trade-offs.

3.4. Reservoir Computing Methods
Reservoir computing methods employ a fixed dynamical system to transform inputs 

into a high-dimensional representation, while only a readout layer is trained. In memristive 
implementations, device dynamics and variability can be utilized to realize such reservoirs 
efficiently, enabling low-cost training and reduced hardware complexity.

The first experimental memristor-based  Reservoir Computing (RC) was demonstrated 
in [185]. This work also illustrates the operation of a typical RC system and will therefore be 
described in greater detail. In that study, reservoir computing with memristors is organized 
as shown in Figure 11, where a dynamic memristor reservoir transforms temporal inputs 
into internal states that are subsequently processed by a readout layer. The architecture 
comprises a reservoir with intrinsic dynamics and a readout function, in which only the 
weight matrix Θ, connecting the reservoir state 𝑥(𝑡) to the output 𝑦(𝑡), is trained. Temporal 
input signals are applied as pulse streams to the memristor array, whose intrinsic ionic 
dynamics give rise to distinct resistance states that encode the reservoir states. A readout 
network then performs the final computation based on these states.

The study experimentally demonstrates that dynamic memristors can directly process 
temporal information due to their inherent short-term memory effects. During training, only 
the readout layer is optimized, which significantly reduces the training complexity compared 
to conventional recurrent neural networks. The reservoir states are obtained from the 
resistance values of the memristors after applying specific pulse sequences corresponding 
to the input data. These states are then used to train the readout weights for classification 
or prediction tasks. The proposed system is evaluated on handwritten digit recognition 
using 5 × 4 pixel images and on a second-order nonlinear dynamic task. The results show 
that even a relatively small reservoir composed of memristor devices can achieve effective 
learning and temporal signal processing.

Memristor-based  RC exploits the inherent nonlinear dynamics of the devices to enable 
efficient temporal processing with reduced training overhead. In this paradigm, the reservoir 
is generally left untrained, while learning is restricted to the readout layer. The training 
procedure is most commonly implemented using linear or ridge regression, including the 
Moore–Penrose pseudo-inverse or 𝐿2-regularized methods, to optimize the readout weights. 
Such regression-based training forms the foundation of most practical implementations, 
and has been demonstrated across a wide range of device technologies, architectures, and 
application domains.

From a device and material perspective, several works explore how intrinsic physical prop-
erties shape reservoir behavior. For instance, [185] employs  Tungsten Oxide (WOx ) volatile 
memristors where ionic dynamics constitute the reservoir states, while [186] uses diffusive sil-
ver memristors combined with a nonvolatile crossbar readout. Other material systems include 
Pt/HfO2/TaO𝑥/TiN RRAM devices with 4-bit input encoding in reference [187], molecular-
scale organic memristors in reference [188], halide perovskite memristors in reference [189], 
ZnO-based architectures in reference [190], solution-processed perovskites with large dy-
namic range in reference [191], Ag@TiO2 nanowires in reference [192], Pt/Ta2O5/HfO2/TiN 
bilayer devices in reference [193], Al-doped HfO2 ferroelectric memristors in reference [194], 
Bi2Se3 networks in reference [195], and discrete memristor models with chaotic maps in
reference [196].
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Figure 11. Reservoir computing system based on a memristor array. (a) Schematic of a dynamical 
reservoir and its trainable readout layer. (b) Response of a tungsten-oxide memristor to pulse 
trains with different time intervals; the inset shows the memristor array mounted on a test board. 
(c) Memristor-based reservoir and readout network for classifying five-by-four-pixel digit images 
using five memristors. (d) Example of the digit 2 and its binary input encoding. The ellipses in panels 
(a,c) indicate omitted output neurons rather than missing figure content; in panel (c), the omitted 
neurons correspond to digit classes 2–8. Adapted from reference [185] under the Creative Commons 
Attribution (CC BY) license.

From an architectural and system design perspective, multiple approaches focus on 
structuring the reservoir to enhance computational richness. Examples include the doubly 
twisted toroidal topology exploiting transistor mismatch for ultra-low-power biosignal 
processing in reference [197], virtual-node time-multiplexing in reference [198], parallel 
arrays with tunable mask lengths in reference [199], quasi-3D stacked nanowire networks in 
reference [200], hierarchical processing using 𝛼-In2Se3  Field-effect Transistor (FET) devices 
in reference [201], nanoparticle random networks in reference [202], and single-device 
implementations enabling  Histogram of Oriented Gradients (HOG)-based image recog-
nition in reference [203]. Additionally, fully integrated realizations are demonstrated 
in reference [204], where both reservoir and readout are implemented within a single 
device structure.

From an application-driven perspective, several works highlight domain-specific use 
cases enabled by regression-based training. These include in-sensor computing with tin 
monosulfide memristors in reference [205], chaotic time-series prediction across multiple 
architectures in reference [206], parallel fingerprint recognition using photoelectronic mem-
ristors in reference [207], ECG diagnosis via light-modulated reservoirs in reference [208], 
and robotic navigation using memristive networks in reference [195]. Furthermore, in-
materia computing is explored in reference [209], where a self-organized silver nanowire 
network directly serves as the reservoir.

Beyond regression-based methods, a variety of iterative, online, and adaptive training 
strategies have been proposed to address hardware constraints and improve convergence.
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From an optimization and evolutionary perspective, reference [210] utilizes a  Genetic 
Algorithm (GA) for readout optimization.

From an online and incremental learning perspective, reference [211] employs a 
 LMS algorithm, while reference [212] adopts recursive least squares (RLS) for faster 
convergence. Similarly, reference [213] and reference [214] implement on-chip training 
via supervised  STDP and online learning mechanisms.

From a robustness and hardware-aware adaptation perspective, reference [215] ad-
dresses variability and noise through adaptive synaptic reprogramming, while refer-
ence [216] introduces an accelerator with in situ learning for edge deployment. The role of 
stochasticity is explored in reference [217] via an Extended Synaptic Sampling Machine 
(ESSM), and heterogeneous dynamics are leveraged in reference [218] to enhance state 
richness. Input preprocessing is examined in reference [219], showing that parity-based 
encoding stabilizes readout optimization, while reference [220] demonstrates that tunable 
conductance timescales in iontronic memristors directly influence training effectiveness.

Finally, reference [221] demonstrates high-accuracy digit recognition using multi-
epoch readout training, and reference [222] emphasizes the importance of network topology, 
showing that scale-free and heterogeneous structures generate more diverse reservoir states, 
thereby simplifying the learning task for the readout layer.

Overall, reservoir computing represents a particularly suitable approach for memristive 
systems because the nonlinear dynamics and temporal properties of memristive devices 
can be exploited without training the reservoir itself. As summarized in Table 2, most 
approaches restrict training to the readout layer, using methods ranging from closed-form 
linear and ridge regression to gradient-based LMS, SGD, and Adam optimization. This 
substantially reduces the training complexity of the memristive part of the system compared 
with fully trainable neural networks.

Table 2. Alternative learning and reservoir-computing approaches in memristive systems and their 
key properties.

Ref. Algorithm Training Scope Gradient Use Memristive 
Implementation Architecture Impl. Dataset/Task

Gradient-free and evolutionary approaches

[177]

Binary search 
(Kalman gain) 
and random 
search (PD 
conductances)

Controller 
parameters None 1R

Hybrid 
analog–digital 
Kalman filter and 
PD controller

HW
Mobile inverted-
pendulum 
control data

[178] Genetic 
algorithm Global None 1R

Memristive-
network genetic 
algorithm for 
image-edge 
detection

Sim.
Gray-scale 
images (Lena, 
Pepper, etc.)

[179]
Evolutionary 
learning/genetic 
algorithm

Network weights None 1T𝑛M

Binary neural 
network on a 
784 × 100 virtual 
memristor 
crossbar

Hybrid MNIST

[180] Evolutionary 
programming Global None 1T1R

Brain-inspired 
evolvable 
architecture with 
memristive 
arrays

Sim. NARMA20

[182]
Genetic 
algorithm; 
Manhattan 
comparator

Network weights
None (GA); 
gradient-derived 
sign 
(Manhattan)

1R differential 
pair

Single-layer 
perceptron with 
185 weights 
(370 memristors)

Sim. 6 × 46 letter 
images, 5 classes

Mixed evolutionary/gradient-based hardware-update approaches

[181]
GA outer loop 
with 
quantization-
aware BP

Network weights Full BP gradient 
in fitness loop Unspecified

ProtoNet, 
MobileNetV2, 
and MicroNet

Sim.
MNIST, 
Fashion-MNIST, 
CIFAR-10, 
CIFAR-100
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Table 2. Cont.

Ref. Algorithm Training Scope Gradient Use Memristive 
Implementation Architecture Impl. Dataset/Task

[176]
Stochastic-
adaptive pulse 
update from SGD

Network weights Full BP gradient 
direction

1T1R differential 
pair and 
1T1R–1R

LeNet-5 CNN
(2 convolutional 
and 3 fully 
connected layers)

Hybrid MNIST

Local/backpropagation-avoiding approaches

[72] Perceptron 
learning rule Output weights Local 

error-driven
1R differential 
pair

Single-layer 
perceptron
(9 inputs plus 
bias, 1 output)

Hybrid
34 × 3 binary 
images (X and T 
patterns)

[183] Forward–
Forward

Local layer 
weights Local gradient 1R differential 

pair

FF network (37, 
74, and 
100 neurons; 
5 clusters ×9)

Hybrid
ECG heart-
beat/arrhythmia 
classification

[184]
Forward-only 
learning (SFF, 
CF)

Local layer 
weights Local gradient

1T1R differential 
pairs; separate 
2T1R MAC

Two-layer MLP 
with 48 hidden 
units

Hybrid

Four-class 
ImageNet-1k 
subset with 
pretrained 
ResNet-18 
features

Reservoir-computing approaches

[210]
Genetic 
algorithm for 
readout weights

Readout only None 1R random 
network

SPICE-simulated 
graph reservoir 
(6–40 nodes) 
with linear 
readout

Sim.
Triangular- and 
square-wave 
discrimination; 
memory tasks

[197]
Normal-equation 
regression; 
stochastic LMS

Readout only Closed-form; 
readout gradient

Differential 2R 
weights

Doubly twisted 
toroidal ESN 
with memristor 
crossbar readout

Sim.
EEG seizure and 
EMG 
finger-motion 
data

[185] Logistic and 
linear regression Readout only Readout gradient 1R volatile 

reservoir

WO𝑥 dynamic-
memristor array 
with software 
readout

Hybrid
Digit recognition 
and second-order 
nonlinear 
dynamics

[211] Online LMS Readout only Readout gradient Memristive 
synaptic circuit

Newman–Watts 
small-world 
MESN with 
memristive LMS 
readout

Sim.

UCI Car 
Evaluation; 
EUNITE 
power-load 
forecasting

[186]
RMSProp 
training with 
one-shot blind 
updates

Readout only Readout gradient 
(RMSProp)

1R reservoir; 
1T1R differential 
readout

Diffusive-Ag 
reservoir with 
110 × 20 drift-
memristor 
readout

Hybrid MNIST

[198] Linear readout 
training Readout only Not specified 1R volatile WO𝑥

reservoir

Time-
multiplexed WO𝑥
reservoir with 
virtual nodes and 
linear readout

Hybrid
TI-46 spoken 
digits; 
Mackey–Glass 
forecasting

[213] STDP-based 
readout training Readout only Local rule 

(STDP)
Memristor 
crossbar

Circuit-level 
memristive 
reservoir and 
readout 
architecture

Sim. Wisconsin Breast 
Cancer

[187] Reservoir-state 
separation only None None 1R self-rectifying

Single Pt/HfO2/
TaO𝑥/TiN 
volatile device 
with 4-bit pulse 
encoding

N/A All 16 four-bit 
pulse sequences

[205]
Minibatch Adam 
softmax 
regression

Readout only Readout gradient 
(Adam)

1R optoelectronic 
reservoir

SnS in-sensor 
reservoir with 
software softmax 
readout

Hybrid
Five spoken and 
written sentence 
patterns

[199] Moore–Penrose 
linear regression Readout only Closed-form 1R volatile 

reservoir

Serially emulated 
parallel dynamic-
memristor 
reservoirs with 
software readout

Hybrid
TI-46 spoken 
digits and Hénon 
map

[200] Linear regression Readout only Closed-form
Memristive 
tunnel-junction 
network

Quasi-3D 
nanowire-
network reservoir

Sim.
Memory-capacity 
and nonlinear-
transformation 
benchmarks

[206]
Readout fitting 
(method not 
specified)

Readout only Not specified
Four volatile 
memristor 
models

Two modeled 
memristive 
reservoir 
architectures

Sim.
Logistic- and 
Hénon-map 
prediction
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Table 2. Cont.

Ref. Algorithm Training Scope Gradient Use Memristive 
Implementation Architecture Impl. Dataset/Task

[189] Delta-rule 
readout Readout only Readout gradient 1R differential 

pair

Volatile virtual 
reservoir and 
nonvolatile 
readout

Hybrid Four neural firing 
patterns

[201] Linear regression Readout only Not specified
𝛼-In2Se3 FeSFET 
and planar 
ferroelectric 
device

Cascaded 
physical reservoir 
with virtual 
nodes

Hybrid
Brazilian energy 
use and sine and 
square 
waveforms

[209]
Offline Adam 
readout; linear 
regression for 
forecasting

Readout only
Readout gradient 
(Adam); 
regression solver 
not specified

Ag nanowire 
reservoir; TaO𝑥
ReRAM readout

Physical 
in-materia 
nanowire 
reservoir with 
memristive 
readout

Hybrid

Spatio-temporal 
pattern 
classification; 
MNIST; 
Mackey–Glass

[190] Linear regression Readout only Not specified ZnO memristor 
model

Modeled ZnO 
reservoir with 
added 35-neuron 
classifier

Sim. MNIST

[191] Linear-regression 
readout Readout only Not specified 1R volatile 

reservoir
Seven perovskite 
devices with 
virtual nodes

Hybrid Fashion-MNIST

[188] Multinomial 
logistic readout Readout only Not specified

1R volatile 
molecular 
reservoir

100-device 
reservoir with 
100 × 3 readout; 
14-state device 
experiment 
separate

Hybrid
Three-class 
emoticons; 
MNIST

[207]
Offline softmax 
or logistic 
readout training

Readout only Readout gradient
Photo-synapse 
reservoir; 
differential 1R 
crossbar readout

DUV in-sensor 
reservoir with 
memristor-array 
readout

Hybrid FVC2002 latent 
fingerprints

[69]
Noise-aware 
linear regres-
sion/pseudo-
inverse

Readout only Closed-form
1R reservoir; 
NVM crossbar 
readout

24 parallel Ti/
TiO𝑥/Pd nodes 
with analog 
readout

Hybrid
MIT-BIH 
arrhythmia and 
DVS128 gestures

[223] Supervised STDP 
readout Readout only Local rule 

(STDP)
Five volatile 
PANI devices; 
PPX synapses

Physical PANI 
reservoir with 
software-
modeled spiking 
PPX readout

Hybrid
3 × 3 patterns 
and 5 × 3 digit 
patterns

[224] Adam-trained 
software readout Readout only Readout gradient 

(Adam)
1R volatile PANI 
device

Experiment-
based PANI 
temporal-
reservoir model

Hybrid MNIST

[204] Logistic and 
linear regression Readout only

Readout 
gradient; 
closed-form

Volatile and 
nonvolatile 
ferroelectric 
diodes

All-ferroelectric 
reservoir and FC 
readout

Hybrid
Curvature, digits, 
waveforms, and 
Hénon map

[222] Moore–Penrose 
linear regression Readout only Closed-form

Memristive 
tunnel-gap 
network

Scale-free and 
heterogeneous 
nanoparticle 
reservoirs

Sim.

NARMA2 and 
NARMA10, 
memory, 
nonlinear 
transformation, 
waveforms

[217]

Adam 
optimization 
with stochastic 
synaptic 
sampling

Readout only Readout gradient 
(Adam)

Memristive 
stochastic logic

ESSM echo-state 
reservoir with 
dense softmax 
readout

Sim.
ECG, MNIST, 
Fashion-MNIST, 
CIFAR-10

[215] Gradient descent 
and STDP

Readout plus 
optional 
reservoir STDP

Readout 
gradient; local 
STDP

HfO2 1T1R and 
differential 
crossbar

Spiking recurrent 
reservoir with 
memristive 
dot-product 
readout

Sim.
Mackey–Glass, 
Lorenz, and IRIS 
classification

[202] Ridge regression Readout only Not specified
Nanoparticle 
random-network 
memristor

In-material 
random network 
with multiple 
electrode outputs

Hybrid
Waveform 
transformation, 
NARMA2, and 
memory capacity

[218]
Linear 
regression; 
two-layer trained 
readout

Readout only Closed-form; 
readout gradient

Ion-channel 1R 
devices

Small 
heterogeneous 
reservoir of
3–5 dynamic 
memristors

Hybrid

Second-order 
dynamics; 
generated 
neural-activity 
classes
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Table 2. Cont.

Ref. Algorithm Training Scope Gradient Use Memristive 
Implementation Architecture Impl. Dataset/Task

[193] Adam-optimized 
readout Readout only Readout gradient 

(Adam)
Pt/Ta2O5/HfO2/
TiN second-order 
memristor

Heterogeneous 
device-response 
reservoir with 
trained readout

Hybrid MNIST

[214] Online in situ 
readout learning Readout only Not specified Memristive 

synapses

SPICE-level 
memristor 
liquid-state 
machine

Sim.
MNIST, TI-46, 
drone audio, and 
MIDI

[194] Multi-epoch 
MLP training Readout only Not specified 1R MFIS device

196 device
-derived state 
channels feeding 
a 100–10 MLP

Hybrid MNIST

[192] Linear regression Readout only Not specified
Ag@TiO2
nanowire 
network

Nanowire-
network reservoir 
with linear 
readout

Hybrid
Sine and square 
waveform 
classification

[203] Ridge regression Readout only Closed-form
Single modeled 
dynamic 
memristor

Nonmasking 
virtual-node 
reservoir using 
HOG features

Sim.
MNIST, 
Fashion-MNIST, 
CIFAR-10, 
Cropped SVHN

[216] Online LMS with 
𝐿2 regularization Readout only Readout gradient Memristor 

crossbars
ESN accelerator 
with in situ 
readout learning

Sim.

PJM Energy, 
Mackey–Glass, 
Daily 
Temperature, 
NARMA10

[225]
Single-epoch 
SGD; nonlinear 
model fitting

Readout and 
model

Readout 
gradient; 
nonlinear 
least-squares 
model fit

Ion-channel 1R 
devices

Model-trained 
reservoir with 
physical 
inference

Hybrid 20 × 20-cropped 
MNIST

[195] Linear software 
readout Readout only Not specified Bi2Se3 channel 

network

Physical network 
reservoir for 
analog robot 
control

Hybrid
Rover tracking 
and drone-lever 
balancing

[219]
SGD-trained 
logistic 
regression

Readout only Readout gradient Volatile 1R 
reservoir

RC with 1D, 2D, 
and parity 
preprocessing

Sim. MNIST

[196] Ridge regression Readout only Closed-form Discrete-
memristor model

Two-dimensional 
chaotic-map 
reservoir

Sim.
Nonlinear 
regression and 
logistic-map 
prediction

[226]
FC classifier 
trained for 
10 epochs

Readout only Not specified 1R volatile 
reservoir

Single TiN/
NbO𝑥/Pt node 
with virtual 
states and 
196–256–128–64–10 
classifier

Hybrid MNIST and 
Hénon map

[220] Ridge regression Readout only Closed-form Aqueous 1R 
models

Leaky echo-state 
and band-pass 
reservoirs

Sim.
Chaotic 
time-series 
forecasting

[208] Adam 
optimization Readout only Readout gradient 

(Adam)
1R optoelectronic 
device

Measured Au/
TiO𝑥/ITO device 
parameterizing a 
modeled 500 × 2
reservoir

Hybrid
ECG; digit 
recognition with 
4-bit encoding

[212] Recursive least 
squares (RLS) Readout only Non-gradient 

RLS
Dynamic 1R 
model

Single-node 
delay reservoir 
with 2D masking

Sim.
Hénon and 
Lorenz series and 
multivariate 
signals

[221]
200-epoch 
hardware-aware 
readout training

Readout only Not specified WO𝑥 reservoir; 
TiO𝑥 crossbar

Dual-memory 
reservoir and 
40 × 64 VMM 
readout

Hybrid
Isolated spoken 
digits and 
Mackey–Glass

[227] Linear readout 
training Readout only Not specified 1R optoelectronic 

reservoir

Organic in-sensor 
analog reservoir 
with virtual 
nodes

Hybrid CASIA-
FingerprintV5

Implementation: HW = task-level computation demonstrated using physical memristive hardware; 
Hybrid = physical memristive devices are involved but software-based training, readout, emulation, 
or simulation remains an important part of the demonstrated task path; Sim. = modeled or simulated 
memristive system; N/A = physical device or reservoir-property experiment without a trained task-
level system. “Not specified” is used when the cited paper does not establish the optimizer or gradient 
form precisely enough for a stronger classification.
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4. Bio-Inspired Algorithms
Bio-inspired algorithms form a distinct branch of memristive neuromorphic computing 

because they do not merely transfer conventional digital learning rules onto memristive hard-
ware. Instead, they exploit the intrinsic analog, nonlinear, and history-dependent dynamics 
of memristive devices as part of the computational mechanism itself [70,228–230]. In this 
sense, memristive systems are especially attractive for implementing biologically grounded 
functions such as synaptic plasticity, neuronal excitability, slow regulatory modulation, and 
adaptive interaction with living neural tissue (Figure 12) [70,231,232].

From a biological viewpoint, the literature can be organized hierarchically. At the 
lowest level, memristive devices emulate synapses through activity-dependent conductance 
updates. At the next level, they contribute to neuron-like thresholding, integration, and 
spike generation. More recent studies extend this framework toward astrocyte-inspired 
regulation, while larger assemblies give rise to network-level learning and temporal dynam-
ics. The most ambitious direction is represented by hybrid systems, in which memristive 
devices are coupled to living neurons in a closed loop [70,83,231,233–235].

A critical observation is that the maturity of these directions is uneven. Synaptic emu-
lation is already well established, neuron-like implementations remain less consolidated, 
astrocyte-inspired systems are still emerging, and hybrid systems represent the most vi-
sionary yet technologically demanding branch [230,232,236]. This asymmetry should be 
kept in mind when assessing the significance of bio-inspired memristive approaches.

The topic is covered through five subsections, addressing memristive synapses, mem-
ristive neurons, memristive neuronal networks, neuron–astrocyte networks, and memristive 
hybrid systems. The classification is mainly based on the level of biological organization 
that is simulated.

Figure 12. Colour gradient —from cyan (established) through green, amber, and red (emerging) to 
purple (visionary), text descriptions on each level: indicating the maturity status.

4.1. Memristive Synapses
Synaptic emulation is the most mature and most convincing bio-inspired application 

of memristive devices. This follows from the close functional similarity between a synapse 
and a memristor: both are adaptive connection elements whose present state depends on 
previous activity. Accordingly, a large body of work has shown that memristive devices can 
reproduce analog weight modulation, potentiation and depression, short-term plasticity, 
and  STDP [81,224,230,237].
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A combination of RC with a spiking system was reported in reference [223]. The reservoir 
was fabricated with volatile polyaniline-based memristive devices, while the readout layer 
was done from non-volatile parylene memristive devices. This system was applied to the
digit classification.

Within this field, the work of Victor Erokhin and collaborators is especially important 
because it established the organic memristive route as a serious neuromorphic paradigm. 
In that line, organic memristive devices were treated not as simple memory cells, but 
as adaptive bio-inspired elements with synapse-like learning behavior and relevance for 
soft neuroelectronic interfaces [224,228,238]. Experimental studies further showed that 
conductance evolution in such devices depends strongly on the signal waveform and 
frequency, indicating that part of the learning rule can be embodied directly in the material 
dynamics [81].

A particularly important milestone was the demonstration of coupling cortical neurons 
through an electronic memristive synapse [233]. In that work, an organic memristive device 
mediated interaction between living cortical neurons, showing that memristors can function 
not only as artificial synapse models, but also as prosthetic synaptic elements in hybrid 
biological-electronic systems. This result strongly connects synaptic memristors to adaptive 
neurointerfaces and future neuroprosthetic applications [70,234].

Overall, memristive synapses remain the strongest bio-inspired primitive in the field. 
Their main advantage is the close match between biological function and device physics, 
while their main limitations remain variability, nonlinearity, endurance, and reproducibility 
under large-scale training conditions [230,232].

Table 3 shows that the field is still dominated by Hebbian, STDP-like, and LTP/LTD-
inspired schemes, reflecting the close functional match between synaptic plasticity and 
history-dependent conductance modulation. More recent directions extend this paradigm 
toward short-term dynamics, astrocyte-assisted stabilization, and hybrid prosthetic synapses, 
indicating a shift from phenomenological plasticity emulation toward adaptive bioelectronic 
interfacing [81,230,233,234,236].

Table 3. Comparison of major bio-inspired synaptic algorithms and memristive synapse paradigms.

Paradigm Biological Basis Memristive Mechanism Main Trade-Off

Hebbian Co-activity Correlated conductance 
increase

Simple and local, but 
unstable without 
regulation

STDP Spike timing Timing-dependent pulse 
overlap

Biologically expressive, but 
sensitive to asymmetry and 
variability

LTP/LTD-like Persistent 
strengthening/weakening

Multi-pulse 
potentiation/depression

Easy benchmarking, but 
less temporally rich

STP Short-timescale 
facilitation/depression

Volatile conductance 
dynamics

Useful for temporal 
filtering, but limited 
retention control

Astrocytic regulation Homeostasis and 
metaplasticity

Refresh/recovery-assisted 
tuning

Improves stability, but still 
immature experimentally

Hybrid prosthetic synapse Adaptive biological 
coupling

Closed-loop memristive 
interface

Highest bio-relevance, but 
most complex 
technologically
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4.2. Memristive Neurons
Compared with synapses, memristive neuron implementations are conceptually im-

portant but technologically less mature. A biological neuron performs temporal integration, 
threshold activation, refractoriness, and excitability, which are more difficult to reproduce 
in compact hardware than adaptive conductance alone. As a result, many reported mem-
ristive neurons remain hybrid realizations in which the memristive device contributes 
thresholding or nonlinear dynamics, while other circuit blocks provide part of the temporal
behavior [239].

It is to note that it was possible to make a memristive-based circuit, emulating not only 
the learning of a simple animal (pond snail), but even the architecture of the part of the 
nervous system, responsible for this learning [240].

Even so, progress has been substantial. Recent studies show that memristive devices 
can be used to realize integrate-and-fire, leaky integrate-and-fire, and oscillator-like neuron 
models, moving memristive hardware beyond static weight storage toward time-domain 
computation [82,232,239]. Classic conditioning (Pavlov’s dog learning) has been realized 
based on memristive devices and using the STDP algorithm [241]. However, the literature 
remains heterogeneous, and many implementations reproduce only selected neuron-like 
features. Thus, memristive neurons should still be regarded as an emerging rather than 
mature technological class.

4.3. Memristive Neuronal Networks
When synaptic, neuronal, and regulatory motifs are combined, bio-inspired memristive 

computation reaches the network level. The focus then shifts from isolated biological analogies 
to emergent functions such as associative learning, temporal coding, synchronization, sequence 
generation, and adaptive sensorimotor dynamics [83,232]. This shift is important because the 
value of bio-inspired algorithms lies less in single-device resemblance than in the system-level 
dynamics that arise when many adaptive elements interact.

A representative example is the memristive circuit-based model of a central pattern 
generator proposed by Masaev et al. (Figure 13), in which a memristive schematic capable 
of self-learning according to bio-plausible STDP was used to organize electrical activity 
underlying a walking pattern [83]. Figure 13 shows the schematic of a memristive spinal 
central pattern generator (CPG) implementation, leaky neurons (LN1, LN2), memristive 
neurons with self-adaptation (memN3, memN4), and a motor neuron (MN), with memris-
tive neurons at multiple levels and non-memristive neurons feeding into an motor-neuron 
output stage that drives the walking pattern (represented by the rodent limb).

Such studies move the discussion beyond static benchmarks and toward embodied 
timing and neuroprosthetic relevance. At the same time, network-level studies remain 
heterogeneous, and a useful distinction must be made between genuinely bio-inspired 
systems based on local physical adaptation and architectures that use memristors mainly as 
compact programmable weights.

Single- and double-layer perceptrons based on organic memristive devices were fabri-
cated and studied. In the case of a single-layer perceptron [242] classification of linearly 
separable objects was performed according NAND and NOR logic operations, while in 
the case of a double-layer perceptrons [243] it was done for linearly not separable objects 
according to XOR logic operation.
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Figure 13. The schematic representation of the memristive spinal CPG implementation reworked 
from reference [83].

4.4. Neuron–Astrocyte Networks, Towards Memristive Implementation
According to recent findings, astrocyte signaling plays a critical role in synaptic plas-

ticity, neuronal network oscillations, information processing, and memory [244]. Although 
incapable of generating action potentials, astrocytes respond to neuronal activity through 
elevations in intracellular calcium. This enables them to detect neurotransmitters and 
release gliotransmitters, such as glutamate and ATP, which in turn provide feedback to 
neurons, modulating synaptic transmission, excitability, and plasticity [245,246]. Notably, 
the timescale of both astrocytic calcium dynamics and their modulation of synaptic trans-
mission is much slower in duration relative to neuronal spiking [247]. This temporal 
property is crucially important for retaining a record of prior activity and facilitating plastic 
changes during synaptic plasticity. Consequently, the multiscale spatiotemporal integration 
of astrocytes with neuronal networks may enable higher-order/intelligent information
processing [248].

These predictions have been confirmed by computational models, which show that astro-
cytic integration enhances network performance [249,250]. To construct a biologically precise 
model and clarify how astrocytes regulate neural activity, an astrocyte is integrated into the 
neuron model. Intracellular calcium dynamics in astrocytes are traditionally described within 
the Hodgkin–Huxley formalism [251] and are represented by biophysical models of intracel-
lular calcium concentration dynamics based on systems of second- or third-order nonlinear 
differential equations (the Li–Rinzel and Ullah models; [252,253]). As dynamical system, the 
astrocyte model represents a nonlinear oscillator. The oscillations typically emerges from super-
critical Andronov-Hopf bifurcation. In its excitable mode the astrocyte can respond on external 
stimulation imitating, for example, a glutamate puff by single pulses. At variance with neuronal 
all-or-none response calcium pulses in astrocytes have gradually changing amplitudes depend-
ing on glutamate concentration. Detailed bifurcation analysis of single astrocyte dynamics and 
oscillations in coupled cells demonstrated possibility of complex oscillatory modes including a 
chaotic dynamics [254,255].

Astrocytic modulation of synaptic transmission is also described using biophysical models, 
either by modifying the Tsodyks–Markram model of short-term synaptic plasticity [256,257] 
to incorporate astrocytic influence [258], or through more simplified approaches in which 
astrocytic modulation is represented by varying synaptic weight or in the excitability of the pre- 
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or postsynaptic neuron as a function of astrocytic activity [259,260]. Based on such biophysical 
models of neurons, astrocytes, and their bidirectional interaction, large-scale multilayer net-
works have been constructed to describe signal processing in neuron–astrocyte networks of 
the brain. These models have demonstrated that astrocytes increase firing synchronicity [261] 
and synaptic coordination [262]. It has also been shown that astrocytes induce dynamic coordi-
nation in neuronal ensembles by stimulating spatiotemporal patterns of neuronal activity on 
the astrocytic timescale, thereby facilitating the generation of integrated information within 
the neuronal network [263,264]. Furthermore, astrocytic modulation of synaptic transmission 
and short-term synaptic plasticity has been shown to result in local spatial synchronization in 
neuronal ensembles [265], a mechanism underlying multi-item short-term memory in neu-
ron–astrocyte networks [266–269]. While interest in the biological and computational modeling 
of neuron–astrocyte signaling is increasing, the neuromorphic circuitry underlying this cross-
talk remains less explored [270]. For hardware implementation, a phenomenological functional 
approach describing the neuron–astrocyte information exchange loop is preferred over detailed 
biophysical models. From engineering perspective, astrocytes provide slow feedback to both 
pre- and postsynaptic neurons, thereby regulating their signaling.

Early hardware implementations were reported almost simultaneously. Soleimani 
et al. [271] proposed a modified astrocyte model enabling convenient digital implemen-
tation and reproducing relevant biological astrocyte behaviors for feedback control of 
neuronal activity. Their model was implemented on FPGA using two coupled limit-cycle 
Hopf oscillators with weak astrocytic coupling. Similarly, Nazari et al. [272] proposed a 
digital neuromorphic circuit for neuron–astrocyte interaction utilizing the Izhikevich 
neuron model [273] and a functional astrocyte calcium model [274]. Employing single 
constant multiply (SCM) and linear approximations for low-cost FPGA implementa-
tion, they demonstrated that the digital astrocyte alters neuronal firing patterns via 
bidirectional communication, thereby enhancing information processing for reconfig-
urable neuromorphic devices. Hayati et al. [275] advanced to a simple two-neuron-one-
astrocyte network using FitzHugh–Nagumo (FHN) neurons. FPGA implementation con-
firmed that this model mimics biological regulation of postsynaptic activity and synaptic 
transmission, including  LTP. More recently, Hong et al. Hong et al. [276] proposed a 
memristive self-repairing network inspired by astrocytic endocannabinoid signaling 
and tripartite neuron–astrocytic synapse biology. When synaptic faults occur, the circuit 
auto-detects and repairs damaged neurons by enhancing healthy neurons, analogous to 
biological astrocyte repair. Robot experiments confirmed improved performance and 
reliability. Stasenko et al. [277] developed a SNN model integrating memristor-based 
plasticity alongside astrocytic regulation. This allowed the network to switch between 
“burst” and “asynchronous” modes, with astrocytes restoring normal burst dynamics in 
glutamatergic synapses, demonstrating their crucial role in controlling network-level 
behavior. Recently, a novel neuron–astrocyte network comprising one astrocyte and two 
Hindmarsh–Rose (HR) neurons coupled via memristive synapses [278] was introduced, 
exploring the effects of astrocyte heterogeneity and memristor parameters on firing 
activities. This work employs a liquid memristor as a biomimetic device emulating 
the neuronal microenvironment, including chemical and electrical synapses. The first 
dedicated “artificial astrocyte memristor” was demonstrated by Cheng et al. [236] in 
one material structure represented by a traditional memristive device encapsulated 
with the oxygen vacancy-rich layer modulating the memristor switching dynamics. This 
device uniquely features recoverable linearity, meaning the nonlinear distortions that 
appear over time can be reversed via a refresh operation—directly mimicking the astro-
cyte’s role in maintaining normal neuronal activity. This recovery of linearity boosted 
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digit classification accuracy from 62.98% to 94.75%, showcasing its practical value for 
neuromorphic computing.

All these recent studies represent initial steps toward integrating astrocytes into learn-
ing algorithms for memristive neuromorphic devices. However, they are limited to small 
networks (a single astrocyte with one or a few neurons), primarily investigating astrocytic 
effects on neuronal synchronization. Further development requires the implementation 
of neuron–astrocyte networks directly on neuromorphic chips at scales sufficient to solve 
applied tasks such as robotic navigation control or classification of noisy images and video.

4.5. Memristive Hybrid Systems
The most ambitious realization of bio-inspired memristive algorithms is found in 

hybrid systems, where artificial adaptive devices interact with living neural systems in real 
time. Here the objective is not simply to emulate biology, but to communicate with it through 
adaptive electronic interfaces [70,231,234,235]. This direction is especially important for 
neuroprosthetics, biosensing, and closed-loop neuromodulation.

A foundational reference in this direction is the neurohybrid memristive CMOS-
integrated architecture proposed by Mikhaylov et al., which combines living neuronal 
cultures, microelectrode arrays, memristive arrays, mixed-signal CMOS circuitry, and spik-
ing modules in a bidirectional neurointerface [70]. Partial implementation of the proposed 
concept is reported in reference [231] using the example of a memristor-based adaptive 
system for stimulating a spatially ordered culture of hippocampal cells. More recent work 
on memristor-based neuromodulation devices and stochastic memristive interfaces fur-
ther supports the idea that memristors can act as adaptive signal-processing and coupling 
elements in biologically relevant closed-loop systems [234,235].

Taken together, the literature suggests that the long-term value of bio-inspired mem-
ristive algorithms may lie less in isolated neural metaphors and more in the use of adaptive 
device physics to build robust, low-power, closed-loop systems approaching the organiza-
tional principles of living neural computation [70,232].

5. Reinforcement Learning Algorithms with Memristors
Reinforcement Learning (RL) is a machine learning technique in which an “agent” 

learns to make decisions by performing actions in an environment to maximize a cumulative 
reward [279]. Unlike supervised learning, which uses labelled datasets,  RL relies on a trial-
and-error approach similar to how humans or animals learn.

The reinforcement learning process is typically modeled as a Markov Decision Process 
(MDP), which consists of five core elements:
• Agent is the learner or decision-maker in the system.
• Environment represents everything the agent interacts with.
• State is the current situation or configuration of the environment.
• Action is the choice or movement the agent makes to interact with the environment and.
• Reward represents a numerical feedback signal (positive or negative) that tells the 

agent how successful an action was.
In the following subsections, we provide a comprehensive overview of reinforcement 

learning algorithms implemented with memristive technologies. We begin with temporal 
difference algorithms in Section 5.1, exploring their principles and hardware adaptations. 
Next, in Section 5.2 we examine bioinspired reinforcement learning methods that lever-
age neural plasticity concepts. Following this, policy search techniques are discussed, 
highlighting their applications and benefits in Section 5.3, while the integration of a 
Monte Carlo method with memristive systems is presented in Section 5.4. Finally, the 
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section concludes with a summary that combines key insights and comparisons across 
these algorithmic approaches.

5.1. Temporal Difference  RL
Temporal Difference (TD)  RL [279] is a fundamental approach in machine learning 

where an agent learns to predict and optimize future rewards by updating estimates based 
on the difference between successive predictions. Key algorithms include TD(0), SARSA, 
and Q-learning [279].

Ref. [280] presented the first memristive deep Q-learning implementation, addressing 
 RRAM training limitations like backpropagation and energy-intensive weight updates. 
They proposed an architecture for direct  RRAM training using a variability-free tuning 
scheme and gradually-write circuits to reduce read/write frequency and manage  RRAM 
asymmetry. By reordering training flow, they eliminated weight copying between networks. 
This approach achieved 126× better energy efficiency and 70× faster performance than GPU 
implementations, proving memristive crossbars as efficient platforms for  DNN.

Authors in reference [281] proposed a hybrid 1T-1R memristor-based platform with an 
optimized deep Q-learning algorithm. As shown in Figure 14, vector-matrix multiplications 
for the  Deep Q Network (DQN) forward pass are offloaded to memristive crossbars, leverag-
ing Ohm’s and Kirchhoff’s laws for high efficiency, while both backpropagation and weight 
updates are also accelerated by the crossbars. Using memristive crossbars for processing 
and non-volatile memory offers superior throughput and energy efficiency, demonstrated 
in cart-pole and mountain car simulations.

Figure 14. Flowchart of the deep-Q reinforcement learning algorithm [281].

A similar approach was proposed in reference [282], where the authors implemented a 
deep Q-learning neural network, termed MEM-DRL, using a memristive crossbar with two 
hidden layers. Consistent with the methodology in reference [281], this memristor-based 
network functions as a Q-function approximator for current and future states, training 
the agent via experience replay. The system updates memristor crossbar conductances 
in-loop using error gradients derived from backpropagation. To minimize energy consump-
tion, the design incorporates an analog ReLU circuit, and the authors demonstrated that 
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low-precision (4-bit) representations are sufficient for effective on-chip analog training. 
Furthermore, the system’s robustness was validated by injecting noise to simulate memristor 
device variability. A key contribution of this work is the significant reduction in energy 
consumption compared to optimized digital computing systems [282].

Memristive crossbars have been effectively utilized in prior research [283], where the 
authors introduced a path-finding algorithm termed MRNS Q-learning. This approach 
enhances training efficiency and convergence by integrating reward-shaping Q-learning 
with a memristive  Radial Basis Function (RBF) neural network. The reward-shaping mech-
anism leverages a priori environmental knowledge to provide supplementary feedback, 
accelerating the learning process. Structurally, the  RBF network comprises three functional 
layers: a transparent input layer for data distribution, a hidden layer for high-dimensional 
nonlinear mapping, and a linear output layer for final action prediction. Within the frame-
work presented in reference [283],  RBF synaptic weights are updated based on the  TD error, 
while the reward signal is augmented by the shaping function.

A framework for  TD learning based on memristor technology, wherein memristors 
fulfill a tripartite function, is presented in reference [284]. In this framework, memristors 
serve not only as synaptic weights within an actor-critic network trained online and in-
memory but also play a crucial role in determining the network’s subsequent actions. 
Additionally, memristors are employed to compute the weight updates associated with the 
 TD error, a critical element of the training algorithm. The applicability of this framework is 
validated through two well-established neuroscience navigation tasks: the T-maze and the 
Morris water maze. By implementing two distinct neural networks one responsible for action 
selection and the other for estimating the value function necessary for  TD error computation 
the authors demonstrate that their bio-inspired approach enables fully in-memory training 
while maintaining the requisite accuracy.

In situ  RL with memristive hardware offers efficiency but faces challenges regarding de-
vice endurance and operational safety. To address this, a two-fold method, first proposed in 
reference [285] and subsequently expanded in reference [286], combines ex situ simulation 
with in situ deployment, reducing sample complexity and preserving hardware longevity. 
Depending on data availability, the approach uses either direct retraining or off-policy 
pre-training within an actor-critic framework. This system utilizes one-step  TD learning 
and is specifically optimized to mitigate memristive non-idealities and device variations.

SARSA (State-Action-Reward-State-Action) [279] is an on-policy  TD  RL algorithm. 
It learns the action-value function Q(s,a) by updating estimates based on the current 
state, action, reward received, next state, and next action taken by the agent. The update 
rule uses the  TD error calculated from these elements to improve the policy gradually. 
SARSA(𝜆) extends SARSA by incorporating eligibility traces, which allow the algorithm 
to update not only the most recent state-action pair but also previous ones, weighted by 
how recently and frequently they were visited. The parameter 𝜆 (0 ≤ 𝜆 ≤ 1) controls the 
decay rate of these traces, balancing between one-step  TD learning (𝜆 = 0) and Monte 
Carlo methods (𝜆 = 1). This leads to faster and more efficient learning, especially in 
environments with delayed rewards.

SARSA (State-Action-Reward-State-Action) is an on-policy  RL algorithm updating Q-values 
via state-action sequences, while SARSA(𝜆) adds eligibility traces, controlled by 𝜆, to update 
past pairs for faster, more efficient learning in delayed-reward environments [279].

Approach proposed in reference [287] utilizes the conductance drift in Ti/TiOx/Pt 
memristors, where the intrinsic decay property of the devices was leveraged to accelerate the 
SARSA (𝜆)  RL algorithm. By implementing this mechanism within a memristor array, the 
authors demonstrated faster convergence of SARSA (𝜆) relative to classical RL algorithms, 
as validated through a path-planning task [287]. Within the memristor-based  RL system, 
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an agent interacts with the environment to identify the shortest optimal path (Figure 15a). 
The Sarsa(𝜆) algorithm updates the Q-values Q(S,A) for all state-action pairs stored in 
the Q-table by incorporating a decay factor 𝜆. The implementation of Sarsa(𝜆) involved 
encoding path information onto a TiOx-based memristor after 32 training cycles. The decay 
mechanism of 𝜆 is realized via conductance drift, attributed to the diffusion of oxygen 
vacancies within the TiOx memristor, as depicted in the upper panel of Figure 15a. Distinct 
actions correspond to different conductance states, which diminish over time. Steps closer 
to the target path endpoint carry increased importance and higher corresponding values. 
Figure 15b presents the schematic structure of the TiOx memristor (upper panel) alongside 
its scanning electron microscopy (SEM) image (lower panel). Subsequently, conductance 
values representing the training rounds are input into the memristor array in parallel, 
enabling computation of Q(S,A) through the intrinsic  MVM capabilities of the memristor 
array, as illustrated in Figure 15c.

Figure 15. (a) Path planning RL system diagram (b) memristor structure diagram and SEM image 
(c) Matrix vector multiplication performed by memristor array, adapted with permission under the 
Creative Commons Attribution (CC BY 4.0) license from reference [287].

5.2. Biologically Inspired  RL
Even though memristor-based  Neural Network (NN)s allow in-memory computation, 

which is fast and efficient, they are not suitable for traditional learning methods, such as 
error back-propagation.  SNNs are highly promising from this aspect, since they allow 
weight updates based on “local” knowledge, instead of requiring information collected 
from the entire network, as in the case of error back-propagation. A memristive synapse 
circuit with one memristor and four transistors, hence called the 1M4T synapse circuit, 
was presented in reference [71]. The proposed 1M4T circuit used as a synapse in  SNN 
is suitable for so-called  Reward-modulated Spike-Timing Dependent Plasticity (R-STDP) 
learning, which is demonstrated on a simple pattern classification task.  R-STDP learning 
assumes that the memristor (within the 1M4T synapse circuit) conductivity can be updated, 
increased or decreased according to the current reward/punishment in supervised learning, 
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respectively. When the current classification is correct, synapse conductance is increased 
and, on the opposite, decreased when the classification is not correct. Standard  STDP 
assumes that synapse conductivities (representing  NN weights) are updated based on 
a temporal difference of a pre-synaptic and post-synaptic spike occurrence: synapse is 
strengthened (weight increased) when a post-synaptic spike arrives after a pre-synaptic 
one and, on the opposite, weakened (weight decreased) when it arrives before. In the 
1M4T synapse circuit and its  R-STDP learning proposed in reference [71] the same effect 
of increasing/decreasing memristor conductance can be achieved with the post-synaptic 
spike always arriving later than the pre-synaptic one, which simplifies the training process 
significantly. Although only supervised training on a simple pattern recognition task was 
demonstrated in reference [71], the proposed 1M4T synapse circuit can be used to realize 
on-chip low-cost and energy-efficient neuromorphic  RL.

In ref. [288], the authors introduce MSNN-RL, a reinforcement learning framework 
utilizing  Memristive Spiking Neural Networks (MSNN). This architecture integrates the 
SARSA temporal difference algorithm with a Remote Supervised Method (ReSuMe) to 
modulate synapses via  STDP rules. Within this framework, the MSNN serves as a function 
approximator for action values, effectively addressing challenges associated with high-
dimensional state spaces. The implementation utilizes the ThrEshold Adapted Memristor 
(TEAM) model in a network architecture restricted to input and output layers, omitting 
hidden layers. To bridge the gap between continuous-domain data and the spiking domain, 
the authors employ encoding and decoding mechanisms for bidirectional signal processing. 
The validity of this approach was demonstrated through a simulation of the acrobot system.

In ref. [289], the authors pioneered the integration of reinforcement learning in  SNNs 
using memristive synaptic weights. Their approach utilizes a time-coding scheme that 
employs Gaussian receptive fields for input encoding. Learning is driven by a binarized 
reinforcement signal with adaptive amplitude, where the reward gradient calculated be-
tween consecutive time steps dictates the polarity of the feedback. Specifically, a positive 
reward difference triggers an external rectangular current pulse to the output neuron, while 
a negative difference results in a punishing pulse. The magnitude of these pulses is dynam-
ically attenuated as the training episode progresses toward completion. In a subsequent 
study [290], the authors developed an online  RL algorithm for  SNNs using memristive 
 STDP synapses. Benchmarked on CartPole, the system uses  Leaky Integrate-and-Fire (LIF) 
neurons and incremental learning based on spike timing, eliminating state-action histories. 
By prioritizing early spikes and adjusting weights via inter-spike intervals, the approach 
proved robust across various memristive devices despite non-ideal hardware characteristics.

While addressing the challenge of implementing reinforcement learning in  SNN with 
memristive  STDP synapses and focusing on real-time training, the authors in reference [291] 
introduced the concept of trace variables for continuous reinforcement learning. This 
approach, as described by the authors, enables the development of energy-efficient neu-
romorphic processors capable of learning and fine-tuning parameters throughout their 
entire operational lifetime. The proposed trace variables function by accumulating synaptic 
weight changes modulated by reward signals, thereby endowing the agent with a form 
of short-term memory that facilitates the integration of successive actions into coherent 
behavioral patterns. The efficacy of this learning methodology was demonstrated on the 
Cartpole control task, employing the same input state encoding scheme as in reference [290]. 
In particular, due to the incorporation of a pretraining phase, the SNN in reference [291] 
required significantly fewer episodes to achieve successful task performance.

A  Generative Adversarial Network (GAN) is a type of deep learning architecture 
consisting of two neural networks, a Generator and a Discriminator, that compete against 
each other in a “zero-sum game” to create realistic new data. The generator’s goal is to create 
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synthetic data that is indistinguishable from real data, while the discriminator is a binary 
classifier that evaluates data to determine its authenticity. While  GANs produce high-fidelity 
data, their three-stage training process demands significant computational complexity and 
memory overhead. To mitigate these challenges, the authors in reference [28] propose 
a  GAN architecture entirely implemented via memristive  SNNs. By utilizing  SNNs for 
both the generator and discriminator, the system enhances computational efficiency, while 
a specialized 1-memristor 4-transistor (1M4T) synaptic circuit enables computation-in-
memory, drastically reducing memory access costs. Training is achieved through reward-
modulated  STDP alongside a novel gradient-free backpropagation mechanism. The high-
speed, energy-efficient performance of this memristive  SNN  GAN was validated using the 
MNIST [107] and Fashion-MNIST datasets [292].

5.3. Policy Search Methods
Policy search is a broad category of  RL methods that aim to find an optimal policy 

directly, without necessarily relying on value functions. Policy gradient methods are a 
specific subset of policy search methods that directly optimize an agent’s strategy, called a 
policy, in order to maximize the rewards it receives. In contrast to value-based reinforcement 
learning (e.g., Q-learning), which derives an optimal strategy indirectly by estimating state-
action value functions, policy gradient methods perform direct optimization within the 
policy space to maximize expected returns. The policy is typically represented by a deep 
neural network that maps a given state to a stochastic distribution over the action space. The 
primary objective is to iteratively refine the network parameters through gradient ascent, 
thus increasing the likelihood of selecting actions that maximize the expected cumulative 
return.  Proximal Policy Optimization (PPO) [293] is preferred over traditional policy 
gradient methods due to its superior training stability and resistance to policy collapse. 
While traditional policy gradient methods are sensitive to learning rate fluctuations,  PPO 
utilizes a clipped surrogate objective function. This mechanism constrains the probability 
ratio between the new and old policies, effectively preventing large-scale parameter updates 
that could lead to catastrophic divergence in the agent’s behavior.

In reference [294], the authors introduce  Decay-based Phase-change Proximal Pol-
icy Optimization (DP-PPO), a deep reinforcement learning framework that integrates 
phase-change memristive technology with the standard  PPO algorithm. By leveraging 
the conductance drift inherent in memristive  PCM to derive a dynamic decay function 
for the clipping hyperparameter 𝜖, the framework mitigates the environment under-
exploration typical of constant 𝜖 while reducing computational overhead [294]. The 
proposed  RL framework utilizes a shared  CNN architecture for both the actor and critic 
networks, which differ only in their final fully-connected layers. The actor network 
outputs a selection from eight possible actions, while the critic network produces a 
single scalar representing the state value.

The approach from reference [295] is presenting the hardware-efficient In-Memory 
Reinforcement Learning (mRL) system using Ferroelectric Tunnel Junction (FTJ) memris-
tors. The core innovation lies in leveraging the intrinsic stochastic conductance switching 
of FTJs to facilitate environment exploration and optimal policy search by mimicking a 
random search process that can outperform deterministic heuristics. The proposed training 
algorithm uses a  WTA selection method and a biphasic pulsing to refine policies according 
to received rewards. It integrates leaky capacitors to create a memory trace, allowing the 
system to retroactively reinforce the specific sequence of actions that led to a successful 
outcome. Experimental and simulation results, including a CartPole balancing task, show 
that moderate levels of stochasticity significantly improve learning speed and sample ef-
ficiency. Conversely, the study found that either zero or excessive stochasticity degrades 
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performance, highlighting a “sweet spot” for device variability in autonomous learning. 
This approach demonstrates a path toward compact, low-power  RL systems for mobile 
deployment by moving away from traditional von-Neumann architectures.

Unlike deterministic deep learning models that utilize point estimates for weights and 
biases,  Bayesian Deep Neural Network (BDNN)s treat parameters as probability distribu-
tions. This probabilistic framework enables the quantification of predictive uncertainty, a 
feature essential for safety-critical applications such as medical diagnostics and autonomous 
systems. Recent research [296] demonstrates that the intrinsic physical mechanisms of 
memristive devices induce fluctuations in read currents. By leveraging the ability to tune 
this stochasticity through conductance programming, memristors can effectively represent 
the weight probability distributions required for hardware-based  BDNN implementations. 
To validate this approach, the authors utilized the Risk-Sensitive  RL “Storm Coast” task. 
The experimental framework employed the Proximal Policy Optimization (PPO) algorithm 
to optimize the policy, aiming to maximize cumulative rewards while accounting for the in-
herent stochasticity of the environment. The implementation utilized a four-layer  BDNN to 
decouple aleatoric (due to inherent variations within the environment) and epistemic (due 
to lack of knowledge) uncertainties, leveraging the intrinsic stochasticity of memristive de-
vices. When compared to conventional digital architectures, the proposed memristor-based 
hardware demonstrated a tenfold increase in execution speed and a 150-fold improvement 
in energy efficiency during uncertainty decomposition tasks

To optimize and accelerate multi-level memristor conductance programming relative 
to the conventional write-and-verify technique, the authors in reference [297] propose an 
effective control framework termed Probe-then-Program (PtP). During the initial probe 
phase, the statistical distribution of parameters is inferred from a physics-based memristor 
model using sequential Bayesian inference. Once the model is accurately fitted, it functions 
as a surrogate model of the memristor, enabling the training of a memristor tuning agent. 
This agent predicts the optimal programming pulse amplitude during the subsequent pro-
gram phase. The underlying neural network agent is trained via the  PPO algorithm, while 
experimental results demonstrate that this approach achieves a tuning speed approximately 
twice as fast as traditional write-and-verify methods.

The initial application of  Deep Reinforcement Learning (DRL) for the synchroniza-
tion of  Memristive Chaotic Systems (MCS), as an alternative to conventional linear and 
nonlinear control methods that rely on precise mathematical models, was introduced in 
reference [298]. Utilizing a well-characterized memristive chaotic circuit comprising a 
memristor, two capacitors, two resistors, and an inductor, the authors developed a  DRL 
framework based on the  PPO algorithm. This framework aims to minimize the synchro-
nization error, defined as the difference between the outputs of the master and slave 
oscillators, thereby achieving synchronization between the two systems. Furthermore, 
the proposed  PPO algorithm incorporates a modified reward function, which facilitates 
rapid convergence and demonstrates robustness to Gaussian noise interference. The 
effectiveness of the  DRL-based synchronization approach for  MCS is validated through 
its application to image encryption.

5.4. Monte Carlo  RL Method
Monte Carlo (MC) reinforcement learning methods are a class of algorithms that 

learn value functions and policies based on averaging complete returns from episodes. 
Unlike  TD methods,  MC methods wait until the end of an episode to calculate the total 
accumulated reward (return) and then update value estimates accordingly. This approach 
does not require knowledge of the environment’s dynamics and does not bootstrap from 
other estimates, making it straightforward but typically limited to episodic tasks.  MC 
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methods are useful for problems where the environment naturally breaks into episodes 
and provide unbiased estimates of value functions by relying on actual observed returns.

In ref. [299], the authors leveraged memristor cycle-to-cycle variability for in situ 
Bayesian learning using a 16,384-device 1T1R array. By applying  Markov Chain Monte 
Carlo (MCMC) sampling across device rows, they achieved accelerated learning and high 
accuracy in supervised and reinforcement tasks. The approach significantly reduces power 
consumption and remains robust against device aging and variability, making it ideal for 
energy-efficient edge hardware applications.

Table 4 summarizes key reinforcement learning algorithms implemented with mem-
ristive networks, highlighting their synaptic circuits, architectures, hardware presence, 
network types, and benchmarks. In this table, a “Yes” in the HW column indicates 
the presence of actual physical components, such as memristive crossbar arrays and 
memristive devices, employed to implement either part or the whole neural network. 
Conversely, a “No” in this column signifies that only hardware simulations have been 
performed and documented.

Table 4. Reinforcement learning algorithms with memristive networks.

Reference Algorithm Synaptic Circuit Architecture HW MNN/SNN Benchmark

[280] Deep Q-learning 1M CNN No MNN
The Arcade 
Learning 
Environment [300]

[281] Deep Q-learning 1T1M MLP Yes MNN Cart pole and 
Mountain car

[282] Deep Q-learning 1M MLP No MNN Cart pole

[283] Q-learning,  TD 1M MLP No MNN Path finding on 
40 × 40 grid

[286] TD, gradient descent 1M MLP proposed HW 
implementation MNN Inverted pendulum

[285] TD, gradient descent 1M MLP No MNN Inverted pendulum

[284] TD 1M SLP Yes MNN T-maze and Morris 
water maze

[287]

SARSA (𝜆) with 
modulation of 
memristor’s 
conductivity

1T1M memristor array Yes MNN Path planning task

[28] R-STDP 1M4T SLP No SNN MNIST, 
Fashion-MNIST

[71] R-STDP 1M4T SLP No SNN Pattern classification 
(X/O)

[288] SARSA learning, 
 STDP 1M SLP Proposed platform 

for weights update SNN Acrobot system

[289] TD,  STDP 1M SLP No SNN Cart pole
[290] TD,  STDP 1M SLP memristive devices SNN Cart pole
[291] STDP 1M SLP No SNN Cart pole
[296] PPO 1M1T MLP Yes MNN Storm coast task
[297] PPO 1M crossbar array No MNN /

[295] Policy search 1M memristive crossbar
Ferroelectric Tunnel 
Junction (FTJ) 
memristors

MNN Cart pole

[299]
Metropolis-Hastings 
Markov Chain 
Monte Carlo

1T1M memristor array Yes MNN Cart pole
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6. Future Directions, Challenges and Conclusions
Neural networks incorporating memristive devices have a broad range of potential 

applications, including pattern recognition and classification [107,179,223,301], time-series 
forecasting [185,221], biomedical applications [69,195,302], sensing [303,304] Edge AI [176], 
and optoelectronic neural networks [227,305], as well as various neuromorphic computing 
applications [306].

The full realization of the application potential of MNNs requires addressing the cur-
rent challenges associated with both training and inference. In the case of inference-only 
implementations, the performance of the overall system can be degraded due to the mis-
match between the programmed weight values and the actual physical conductance states 
of memristive devices. In addition, such approaches may lose part of the inherent advan-
tage of memristive systems, since they do not fully exploit the reduced data movement, 
lower energy consumption, and improved latency enabled by in situ training. Recently, 
Liu et al. [37] summarized the main challenges of analog memristive training as precision 
limitations related to non-idealities in VMM computation, together with efficiency limita-
tions caused by temporal variations, including nonlinearity and cycle-to-cycle variation, 
as well as spatial device-to-device variation. As a possible direction for overcoming these 
limitations, they proposed the error-aware probabilistic update method (EaPU), which 
adapts the algorithmic weight-update process to the stochastic nature of memristive conduc-
tance changes, leading to more stable training and more reliable weight updates. However, 
the full hardware realization of large-scale neural networks relying on EaPU remains an 
open challenge, since demonstrated hardware realizations are shown only for small-scale 
image-processing networks, whereas larger architectures such as ResNet and Vision Trans-
formers are verified through simulation. Mixed-precision training approaches, such as 
those proposed by Nandakumar et al. [64] and Wu et al. [25] represent another direction 
for mitigating device non-idealities in the weight-update process. By combining memristive 
VMM acceleration with high-precision digital gradient accumulation and update control, 
these methods relax the requirements on analog conductance updates; however, they still 
require high-precision digital weight storage and remain limited in terms of fully integrated 
large-scale experimental verification.

Besides mitigating device non-idealities through programming and training meth-
ods, such as write-and-verify, mixed-precision training [64], and EaPU [37], another 
important direction is to improve memristor characteristics through materials and 
interface engineering. Relevant requirements include sufficient conductance states, 
controllable bidirectional updates, and acceptable device-to-device and cycle-to-cycle 
variability, as discussed for gradient-based training by [31,116]. Promising recent ad-
vances include CMOS-integrated memristors with 2048 conductance levels [307] and 
interface-engineered devices with improved cycling uniformity, multilevel switching, 
retention, and endurance [308]. Furthermore, Dalgaty et al. [299] exploited intrinsic 
variability for gradient-free probabilistic learning, while Ming et al. [309] engineered 
oxygen-gradient-driven temporal dynamics to support learning rate adaptation in rein-
forcement learning. In generally, technological advances should be pursued through 
hardware–algorithm co-design, taking into account the specific requirements of differ-
ent algorithmic approaches.

One of the challenges that arise in memristive systems is the influence of delays, 
uncertainties, and perturbations on the dynamical stability of neural networks and, 
where synchronization is required, their speed of convergence to synchronization. 
Fan et al. [310] addressed this issue by deriving sufficient conditions for finite-time Mit-
tag–Leffler synchronization under feedback control for fractional-order multi-delayed 
memristive neural networks (FMMNNs). Related recent Lyapunov-based synchroniza-
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tion analysis using a non-decomposition approach for fractional-order octonion-valued 
fuzzy bidirectional associative memory neural networks (FOOVFBAMNN) [311], as 
well as stability analysis of linear time-delay systems using two new lemmas and 
genetic-algorithm-based optimization of stability-criterion parameters [312], could, 
with appropriate model adaptation, provide a basis for further research into memris-
tive network dynamics. This perspective could complement the discussion of training 
methods in this review by considering the dynamical stability of memristive networks 
under device non-idealities, in addition to the convergence of learning algorithms.

Another important limitation of memristive NNs is the overhead introduced by 
peripheral ADC and DAC units, which can significantly affect energy consumption, 
chip area and latency [10]. Possible solutions discussed in reference [10] include the 
use of lower-precision converters, the sharing of ADC/DAC units between multiple 
columns/rows, and the integration of these blocks on-chip together with the memristive 
crossbar. Other promising approaches that avoid the need for ADC and DAC blocks 
include the implementation of a dedicated circuit for storing the product of two analog 
voltage signals directly in a memristive device [135], as well as the implementation of the 
contrastive-divergence algorithm for memristive DBNs, as proposed in reference [159], 
although scalability still remains an open issue. In a recent study, Hong et al. [313] 
introduced a memristive ADC with adaptive quantization, which can be integrated 
into CIM systems using content-addressable memory (CAM) cells, achieving more 
than 50% reduction in energy overhead and more than 25% reduction in area overhead 
for neural network applications, while DAC overhead remains unaddressed.

Regarding the future potential of in situ training of memristive neural networks, mixed 
precision learning by Nandakumar el al. offer a promising solution by combining high-
precision digital accumulation of weight updates with imprecise conductance updates 
within computational memory unit [64]. Other notable approaches include Chopped-TTv2 
(c-TTv2), which mitigates residual reference offsets in TTv2 through chopper-based sign 
changes, and Analog Gradient Accumulation with Dynamic reference (AGAD), which 
dynamically estimates reference values and supports devices with symmetric or asymmetric 
update characteristics [314]. More recently, error-aware probabilistic update (EaPU) has 
emerged as a promising hardware-aware approach that accounts for memristor stochasticity 
while substantially reducing physical weight updates [37]. In contrast, ex situ noise-aware 
software training, exemplified by Joshi et al. [315], offers considerable potential for inference 
acceleration rather than on-device learning, while combining hardware-aware training and 
mapping with multicore architectures provides a practical route toward scalable hardware, 
as illustrated by the 48-core NeuRRAM inference chip demonstrated by Wan et al. [26].

From the perspective of future developments, recent findings by Wang et al. [316] 
expose the potential of Memristive Spiking Neural Networks for high-speed processing 
combined with high energy efficiency. The proposed architecture incorporates analog 
spike response model (SRM) neurons with time-scaling ability and 1T1M RRAM synapses. 
Although high accuracy of 93.06% on the DVS128 Gesture dataset [317] and 101.05 TSOPS/W 
energy efficiency were achieved, a complete hardware implementation was not realized, 
since only the final layer of the neural network was experimentally implemented on the 
128 × 24 RRAM crossbar, while the first two layers were emulated using a model with 
included device variations. In a recent review, Song et al. [12] emphasized the need to 
increase the capacity of memristor chips up to 1 Gb in order to support dominant AI models, 
as well as the requirement for extendability to enable the implementation of more complex 
AI architectures. Motivated by these challenges, Wang et al. [318] propose an inference-only 
architecture for deploying LLMs on memristor crossbars, combining a dense memristor 
crossbar for parameter storage with a computation crossbar. The approach targets key 
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LLM challenges: large model size, non-weight-stationary attention multiplications, and 
nonlinear operations; however, the reported results represent hardware-level simulations 
using parameters derived from experimental data. Successfully addressing open issues, 
including the potential for large-scale production, will require close collaboration among 
researchers in materials science, device physics, hardware architecture, and algorithm 
development, as well as hardware–software co-design.

Unique properties of memristive devices open additional advantages for realiz-
ing real neuromorphic bio-inspired systems: combination of sensing, memory and 
processing properties in a unified system. This concept is rather new and only a few 
publications with the utilization of memristive devices are dedicated to this argument. 
Probably, the first use of memristive devices for in-memory sensing was applied for 
registering cancer markers [319]. This concept was further developed, demonstrat-
ing the practical application of this approach for cancer medicine [320], prostatitis 
detection [321], and pulmonary hypertension monitoring [322]. A similar approach 
introducing the “all-in-one” concept (sensing, memory and processing) was used for 
optical information analysis [323] and IR detection [324].

Successful implementation of in-memory processing and in-memory sensing is ex-
pected to provide a breakthrough in such areas as AI, autonomous robots, implantable 
sensors and neuroprostheses. For their reliable working, it will be necessary to use training 
approaches, considered in this review.

To conclude, future neuromorphic systems must have important features, similar to 
those of the brain. Namely, the same elements must be used for memorizing and processing 
of the information, the system must allow parallel information processing, and learning of 
the system must follow bio-plausible algorithms (STDP). The last requirement assumes 
working in the spike mode. Current efforts in this direction are mainly based on the use of 
software networks, which require huge consumption of energy. As the energy consumption 
is among key problems of the modern world, this approach does not seem to be a winning 
one. Thus, it is necessary to think about new computing hardware paradigms, taking the 
brain as a biological benchmark. Obviously, it is not the easy task to change completely 
the architecture and logistics of the hardware. Nevertheless, some preliminary steps have 
already been done in this direction. Let us try to summarize important features of these 
future computational hardware systems. They will perform in-memory processing and 
in-memory sensing functions, which will significantly decrease the energy consumption. 
Analysis of stimuli of different origin and simulation of cognitive processes will require 
studying and effectively using such phenomena, as cross-talk of elements and effect of noise, 
that play an important role in living beings but usually are considered as negative features 
in modern computational systems. Now we are just beginning to make the first steps in this 
direction, but, in the case of success, we will have completely new data treatment systems 
and, probably, will understand better how our brain works.
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Abbreviations
The following abbreviations are used in this manuscript:
1T1R One Transistor, One Memristor

AAM Amplitude-Adaptive Matching

ABC Artificial Bee Colony Optimization

AGAD Analog Gradient Accumulation with Dynamic reference

ANN Artificial Neural Network

ASIC Application Specific Integrated Circuit

BDNN Bayesian Deep Neural Network

BNN Binary Neural Network

BP Backpropagation

BP-GA Backpropagation with Gradient Accumulation

BPTT Backpropagation Through Time

C2C Cycle-to-Cycle

CD Contrastive Divergence

CIL Chip-in-the-Loop

CIM Computing-in-Memory

CKFO Convolution Kernel First Operated

CNN Convolutional Neural Networks

c-TTV2 Chopped Tiki-Taka Algorithm Version 2

D2D Device-to-Device

DBN Deep Belief Networks

DFA Direct Feedback Alignment

DFATT Direct Feedback Alignment Through Time

DM-BPNN Discrete Memristors Backpropagation Neural Network

DNN Deep Neural Networks

DP-PPO Decay-based Phase-change Proximal Policy Optimization

DQN Deep Q Network

DRL Deep Reinforcement Learning

EaPU Error-Aware Probabilistic Update

EDP Energy-Delay Product

ELM Extreme Learning Machines
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ESN Echo State Network

FC Fully Connected

FCN Fully Convolutional Network

FET Field-Effect Transistor

FGSM Fast Gradient Sign Method

FMMNN Fractional-order Multi-delayed Memristive Neural Networks

FOOVFBAMNN
Fractional-Order Octonion-Valued Fuzzy Bidirectional Associative

Memory Neural Networks

FPGA Field-Programmable Gate Array

FSCA Full-Size Convolutional Algorithm

FSM Finite State Machine

GA Genetic Algorithm

GAN Generative Adversarial Network

HOG Histogram of Oriented Gradients

HRS High Resistive State

HTM Hierarchical Temporal Memory

HW Hardware

HWA Hardware-Aware

IFA Indirect Feedback Alignment

IMC In-Memory Computing

ITO Indium Tin Oxide

LGP Local Gradient Potential

LIF Leaky Integrate-and-Fire

LFW Labelled Faces in the Wild dataset

LMS Least Mean Square

LRS Low Resistive State

LSTM Long Short-Term Memory

LTD Long-Term Potentiation

LTP Long-Term Potentiation

MAC Multiply-Accumulate

MbLSTM Memristor-based Long Short-Term Memory

MCA Memristor Crossbar Array

MCMC Markov Chain Monte Carlo

mCNN Memristor-based Convolutional Neural Network

MCS Memristive Chaotic Systems

MFCN Memristive Fully Convolutional Network

MIF Memristive Integrate-and-Fire

MLNN Multi-Layer Neural Network

MLP Multi-Layer Perceptron

MLTNN Multiple Neural Networks (MLTNN)

MNGA Memristive Network-based Genetic Algorithm

MNIST Modified National Institute of Standards and Technology Database
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MNN Memristive Neural Networks

MSE Mean Square Error

MSNN Memristive Spiking Neural Networks

MVM Matrix-vector Multiplication

NN Neural Network

NVM Nonvolatile Memory

PCM Phase Change Memory

PE Processing Elements

PPO Proximal Policy Optimization

RBM Restricted Boltzmann Machines

RC Reservoir Computing

ReLU Rectifying Linear Unit

RL Reinforcement Learning

RMSProp Root Mean Square Propagation

RNN Recurrent Neural Network

RPU Resistive Processing Unit

RRAM/ReRAM Resistive Random Access Memory

R-W Read–Write

SBP Sign Backpropagation Algorithm

SDFA Spiking Direct Feedback Alignment

SGDM Stochastic Gradient Descent with Momentum

SGD Stochastic Gradient Descent

SLNN Single-Layer Neural Network

SLP Single-Layer Perceptron

SNN Spiking Neural Networks

SNU Single Neuron Unit

SO Set Only

SDFA Spiking Direct Feedback Alignment (SDFA)

SR Set Reset

SSparse DFA Single-connection Sparse Direct Feedback Alignment

STDP Spike-Timing Dependent Plasticity

TD Temporal Difference

TNSA Transposable Neurosynaptic Array

TT Tiki-Taka Algorithm

TT v2 Tiki-Taka Algorithm Version 2

VMM Vector–Matrix Multiplication

WH Widrow–Hoff Algorithm

WOx Tungsten Oxide

WTA Winner-Take-All

ZnOx Zinc Oxide
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