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1|Introduction 

The rapid development of Artificial Intelligence (AI), machine learning, and data-intensive applications has 

created an increasing demand for computing systems that can process large volumes of information with high 

speed and low energy consumption [1–4]. Conventional computing architectures based on the von Neumann 
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Abstract 

The increasing computational demands of Artificial Intelligence (AI) and data-intensive applications have stimulated the 

development of energy-efficient and highly integrated computing technologies. Neuromorphic computing has emerged as a 

promising alternative to conventional von Neumann architectures by integrating memory and computation and emulating key 

functionalities of biological neural systems. In this context, memristive devices have attracted significant attention because of their 

nanoscale dimensions, history-dependent resistance modulation, multilevel conductance states, and potential for implementing 

artificial synapses and neurons. The incorporation of nanomaterials has further expanded the capabilities of memristive devices 

by enabling tunable electrical, structural, and interfacial properties. This review provides an overview of recent advances in 

nanomaterial-based memristors for neuromorphic computing, with emphasis on the major classes of nanomaterials, including 

Two-dimensional (2D) materials, metal oxides, nanoparticles, quantum dots, nanocomposites, and emerging hybrid systems. 

Different device architectures and their roles in resistive switching, synaptic plasticity, multilevel operation, and in-memory 

computing are discussed. The emerging applications of nanomaterial-based memristors in Artificial Neural Networks (ANNs), 

edge AI, image and pattern recognition, signal processing, robotics, and Internet-of-Thing’s systems are also reviewed. In addition, 

key performance characteristics and technological challenges, including switching speed, energy consumption, endurance, 

retention, variability, scalability, and Complementary Metal-Oxide-Semiconductor (CMOS) compatibility, are critically discussed. 

Finally, emerging research directions involving 2D heterostructures, three-dimensional architectures, flexible electronics, and 

hardware-algorithm co-design are highlighted. This review provides an integrated perspective on the relationship between 

nanomaterial properties, memristive device architectures, and neuromorphic functionality, offering insights into the development 

of scalable and energy-efficient hardware for next-generation intelligent computing systems. 

Keywords: Nanomaterials, Neuromorphic computing, Resistive switching, Artificial synapses, Artificial intelligence, Edge 
computing, Nanotechnology. 
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  paradigm face fundamental limitations because data storage and processing are physically separated, resulting 

in substantial data-transfer overhead and energy consumption. These limitations have motivated the 

development of alternative computing paradigms, among which neuromorphic computing has attracted 

considerable attention. Inspired by the structure and functionality of the biological brain, neuromorphic 

systems aim to integrate memory and computation and to perform information processing in a highly parallel, 

adaptive, and energy-efficient manner [5–7].  Memristive devices have emerged as promising hardware 

components for neuromorphic computing because their electrical resistance can be continuously or discretely 

modulated according to the history of applied electrical stimuli. This behavior enables memristors to emulate 

important characteristics of biological synapses, including synaptic weight modulation, short and long-term 

plasticity, and spike-dependent learning. In addition, their ability to perform memory and computational 

functions within the same physical device makes them particularly attractive for in-memory and brain-inspired 

computing architectures. Compared with conventional transistor-based systems, memristive devices can 

potentially provide high integration density, low operating energy, fast switching, and compatibility with large-

scale crossbar architectures.  The rapid progress of nanotechnology has further expanded the potential of 

memristive systems. Nanomaterials offer unique electrical, optical, mechanical, and physicochemical 

properties that can be tailored through their composition, dimensionality, morphology, and interfacial 

structure. Two-dimensional (2D) materials, metal oxide nanomaterials, nanoparticles, quantum dots, 

nanocomposites, and emerging hybrid materials have therefore been extensively investigated as active layers, 

electrodes, charge-trapping media, or interfacial components in memristive devices. At the nanoscale, 

phenomena such as ion migration, defect formation, charge trapping, interfacial modulation, and conductive 

filament evolution can be effectively controlled to achieve resistive switching and analog conductance 

modulation. These characteristics are particularly important for reproducing the adaptive behavior required 

for neuromorphic information processing [8–10]. 

Among the different classes of nanomaterials, 2D materials have received considerable attention because of 

their atomic-scale thickness, tunable electronic properties, large surface-to-volume ratio, and potential for 

constructing vertically stacked and flexible devices. Similarly, metal oxide nanomaterials provide advantages 

such as relatively simple fabrication, good compatibility with existing semiconductor technologies, and well-

established resistive-switching mechanisms. Hybrid nanomaterials and nanocomposites can additionally 

combine the advantages of different material classes, providing opportunities to improve switching 

characteristics, device stability, and neuromorphic functionality. Nevertheless, the performance of 

nanomaterial-based memristors depends strongly on material composition, defect chemistry, device 

architecture, fabrication conditions, and switching mechanism, making systematic comparison across 

different material systems challenging [11].  Beyond simple memory applications, nanomaterial-based 

memristors are increasingly being explored as computational elements for Artificial Neural Networks 

(ANNs), in-memory computing, edge intelligence, image and pattern recognition, signal processing, robotics, 

and Internet-of-Things (IoT) applications. Their capability for analog or multilevel conductance modulation 

is particularly relevant to hardware implementation of synaptic weights and matrix–vector multiplication, 

which are fundamental operations in neural-network computation. However, practical deployment remains 

constrained by several challenges, including device-to-device variability, stochastic switching, limited 

endurance, retention issues, sneak-path currents in large arrays, fabrication reproducibility, scalability, and 

integration with Complementary Metal-Oxide-Semiconductor (CMOS) technologies [12–15]. 

Although numerous studies have reported advances in individual nanomaterial systems and memristive 

architectures, the rapidly expanding literature has produced a diverse landscape of materials, switching 

mechanisms, device structures, and neuromorphic applications. A comprehensive understanding of the 

relationships between nanomaterial characteristics, resistive-switching mechanisms, device architectures, and 

neuromorphic functionality is therefore essential for identifying the opportunities and limitations of these 

technologies. In particular, a critical comparison of different nanomaterial platforms can provide valuable 

insights into the requirements for developing reliable, energy-efficient, and scalable neuromorphic hardware.  

This review provides a comprehensive overview of recent advances in nanomaterial-based memristors for 
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  neuromorphic computing, with emphasis on the relationship between material properties, device 

architectures, switching behavior, and computational functionality [15–19]. The major classes of 

nanomaterials employed in memristive devices are discussed, followed by an examination of their integration 

into different device architectures and their ability to reproduce synaptic and neuronal functions. Emerging 

applications in neuromorphic and in-memory computing are subsequently reviewed, with particular attention 

to energy efficiency, scalability, and practical implementation. Finally, the major challenges and future research 

directions are discussed to highlight the opportunities fo nanomaterial-enabled memristive technologies in 

next-generation intelligent electronic systems. Nanomaterial-based memristors integrate nanoscale material 

properties with resistive switching mechanisms to enable synaptic and neuromorphic functionalities. Their 

overall relationship from material selection and device operation to neuromorphic computing and emerging 

applications is schematically illustrated in Fig.1. 

 

 

Fig. 1. Schematic overview of nanomaterial-based memristors, highlighting device architecture, 

resistive switching, and neuromorphic functionalities. 

 

2|Fundamentals of Memristors for Neuromorphic Computing 

Memristors are two-terminal electronic devices whose resistance can be modulated by external electrical 

stimuli and can retain information about their previous electrical states. This history-dependent behavior 

distinguishes memristors from conventional passive resistive elements and provides the fundamental basis 

for their use as non-volatile memory and computational devices. Depending on the material system and device 

structure, the resistance of a memristor can be reversibly switched between different states through 

mechanisms involving the redistribution of ions, vacancies, charges, or other electrically active species. The 
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  ability to control these resistance states is particularly attractive for implementing memory and processing 

functions within the same physical device [5]. 

The switching behavior of memristors is generally associated with changes in the conductivity of an active 

material under an applied voltage or current. Different physical mechanisms can contribute to this process, 

including the formation and rupture of conductive filaments, migration of oxygen vacancies or metal ions, 

charge trapping and detrapping, interfacial modification, and changes in the electronic or structural state of 

the active layer. Based on these mechanisms, memristive devices can exhibit different types of resistive 

switching behavior. Some devices demonstrate abrupt transitions between high- and low-resistance states, 

whereas others provide gradual and analog conductance modulation. The latter behavior is especially 

important for neuromorphic computing because biological synapses modify their strength continuously in 

response to neuronal activity [8]. 

Several performance parameters are commonly used to evaluate memristive devices. These include switching 

voltage, switching speed, resistance ratio, endurance, data retention, energy consumption, and operational 

stability. The resistance ratio between the high-resistance state and low-resistance state determines the 

distinguishability of memory states, while endurance represents the number of switching cycles that a device 

can withstand without significant degradation. Retention describes the ability of a device to preserve its 

programmed state over time. In neuromorphic applications, additional characteristics such as linearity of 

conductance modulation, symmetry between potentiation and depression, dynamic range, and cycle-to-cycle 

reproducibility become particularly important because they directly influence the accuracy of learning and 

information processing [12]. 

One of the most important advantages of memristors for neuromorphic computing is their ability to emulate 

the electrical behavior of biological synapses. By gradually changing their conductance in response to electrical 

pulses, memristive devices can reproduce synaptic plasticity, in which the strength of connections between 

neurons changes according to neuronal activity. Short-term and long-term changes in conductance can be 

obtained by controlling the amplitude, duration, frequency, and number of applied pulses. Such behaviors 

provide a physical basis for implementing learning and memory processes in ANNs. Some advanced 

memristive devices can also demonstrate Spike Timing Dependent Plasticity (STDP), in which the relative 

timing of electrical pulses determines whether the synaptic connection is strengthened or weakened [10–16]. 

In addition to artificial synapses, memristors can contribute to the realization of artificial neurons and other 

neuromorphic elements. Their nonlinear current-voltage characteristics, threshold behavior, and history-

dependent response can be utilized to implement neuron-like functions such as signal integration, threshold 

activation, and firing. When large numbers of memristive devices are interconnected in crossbar or other 

array architectures, they can perform computational operations directly within the memory structure. This 

capability is particularly valuable for matrix-vector multiplication, which is one of the most computationally 

intensive operations in ANNs. 

The combination of memory, analog conductance modulation, and computational functionality makes 

memristors attractive for in-memory computing, where data processing occurs close to or directly within the 

memory elements. This approach can reduce the repeated movement of data between conventional 

processing and memory units and thereby improve computational efficiency. Nanomaterials further enhance 

these possibilities by enabling nanoscale device dimensions, tunable switching characteristics, and potentially 

high-density integration. Consequently, understanding the fundamental operating principles and performance 

requirements of memristors provides an essential basis for evaluating different nanomaterial platforms for 

neuromorphic computing  [18–21]. As illustrated in Fig. 2, memristors are two-terminal devices whose 

resistance depends on the history of applied electrical stimuli. This unique behavior enables them to emulate 

biological synapses through gradual conductance modulation, support artificial neuron functions, and 

perform computational operations within crossbar arrays. The figure also summarizes the main physical 

switching mechanisms and critical performance metrics that determine the suitability of memristive devices 

for neuromorphic applications. 
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Fig. 2. Schematic of memristor fundamentals and their neuromorphic functions. 

 

3|Nanomaterials for Memristive Devices 

The development of nanomaterials has significantly expanded the design possibilities of memristive devices 

by providing materials with tunable electrical, structural, and interfacial properties. At the nanoscale, changes 

in composition, dimensionality, defects, surface structure, and interfaces can strongly influence charge 

transport and resistive-switching behavior. As a result, nanomaterials can be employed not only as active 

switching layers but also as electrodes, charge-trapping components, interfacial modifiers, or elements of 

hybrid device structures [22]. The selection of an appropriate nanomaterial is therefore closely related to the 

desired switching mechanism, device architecture, neuromorphic functionality, and operating conditions.  

Nanomaterials with different dimensionalities and physicochemical properties have been explored for 

memristive and neuromorphic devices. The major material classes and their representative characteristics are 

summarized in Fig. 3 and Table 1 [1–4]. 
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Fig. 3. Classification of nanomaterials. 

 

Table 1. Major nanomaterial classes used in memristive devices for neuromorphic computing, with 

representative materials, key advantages, limitations, and applications. 

 

3.1|Two-Dimensional Nanomaterials 

2D nanomaterials have attracted substantial interest for memristive and neuromorphic applications because 

of their atomic-scale thickness, high surface to volume ratio, tunable electronic properties, and distinctive 

interfacial characteristics. Materials such as graphene, transition-metal dichalcogenides, hexagonal boron 

nitride, and MXenes provide a broad range of electrical and structural properties that can be exploited to 

control charge transport and resistive switching. Their ultrathin structures can facilitate strong interactions 

with neighboring layers and enable compact device configurations [21–26]. 

Nanomaterial 
Class 

Representative 
Materials 

Key Advantages Main Limitations Applications 

2D materials Graphene, MoS₂, 
WS₂, MXenes 

Tunable properties, 
flexibility 

Defects, variability Synapses, in-memory 
computing 

Metal oxides TiO₂, HfO₂, Ta₂O₅, 
ZnO 

Stable switching, 
CMOS compatibility 

Variability, filament 
instability 

RRAM, synaptic 
devices 

Nanoparticles & 
QDs 

Metal NPs, CdS/CdSe 
QDs, CQDs 

Tunable electronic 
properties 

Integration, stability Synapses, sensing 

1D 
nanostructures 

Nanowires, 
nanotubes, nanorods 

Efficient charge 
transport 

Alignment, fabrication 
complexity 

Neuromorphic 
circuits 

Nanocomposites Graphene/polymer, 
MXene/polymer 

Synergistic properties, 
flexibility 

Interface complexity Flexible synapses 

Hybrid 
structures 

2D/2D, oxide/2D 
hybrids 

Interface engineering, 
multifunctionality 

Fabrication, scalability Multilevel switching; 
neuromorphic systems 
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  The presence of defects, vacancies, grain boundaries, and interfaces in 2D materials can play an important 

role in determining their switching characteristics. These features can provide pathways for charge transport 

or act as sites for charge trapping and ion migration. In addition, the possibility of combining different 2D 

materials into van der Waals heterostructures provides an opportunity to engineer interfaces and tailor the 

electrical response of memristive devices. Such characteristics make 2D nanomaterials particularly attractive 

for flexible, transparent, and high-density neuromorphic electronics. 

3.2|Metal Oxide Nanomaterials 

Metal oxide nanomaterials represent one of the most extensively investigated material families for resistive 

switching. Oxides such as TiO₂, HfO₂, ZnO, NiO, and WO₃ have demonstrated memristive behavior 

through mechanisms commonly associated with defect migration, oxygen-vacancy redistribution, conductive 

filament formation, and interface modulation. Their relatively simple deposition processes and compatibility 

with established semiconductor fabrication technologies have contributed to their widespread investigation. 

The properties of metal oxide memristors can be modified through nanoscale control of composition, 

thickness, crystallinity, doping, and defect concentration. Such control can influence switching voltage, 

resistance states, endurance, retention, and energy consumption. In neuromorphic systems, metal oxide 

devices can also exhibit gradual conductance changes and pulse-dependent responses, allowing them to 

function as artificial synapses. However, controlling the stochastic nature of filament formation and achieving 

uniform device to device performance remain important challenges [26]. 

3.3|Nanoparticles, Quantum Dots, and Nanocomposites 

Nanoparticles and quantum dots provide additional approaches for engineering memristive behavior through 

nanoscale charge confinement, interparticle interactions, and tunable energy states. Their incorporation into 

dielectric, polymeric, or inorganic matrices can introduce localized trapping sites and modify the pathways 

available for charge transport. By controlling particle size, concentration, distribution, and interface 

properties, the electrical response of the resulting devices can be tailored for specific memory and 

neuromorphic functions. 

Nanocomposites can further combine two or more materials with complementary properties. For example, 

conductive nanomaterials can be integrated with insulating or semiconducting matrices to create controllable 

conduction pathways. Such hybrid structures can provide improved flexibility in designing switching 

characteristics and may support multilevel or analog resistance states. These properties are particularly 

relevant to neuromorphic systems, where multiple stable conductance states are desirable for representing 

synaptic weights [23–28]. 

3.4|Emerging and Hybrid Nanomaterials 

Recent research has increasingly focused on hybrid and emerging nanomaterials to overcome the limitations 

associated with individual material systems. Heterostructures, polymer–nanomaterial composites, organic 

inorganic hybrids, and multifunctional nanomaterials can provide additional control over interfaces, charge 

transport, and switching mechanisms. Combining different materials can also enable the simultaneous 

optimization of electrical, mechanical, and optical properties, which is important for emerging flexible and 

multifunctional electronic systems. 

An important advantage of hybrid nanomaterials is the possibility of designing the material system around 

the required neuromorphic function rather than relying on a single material property. For example, one 

component may provide efficient charge transport, while another control charge trapping or ionic movement. 

This approach can potentially improve switching stability, energy efficiency, and analog conductance 

modulation. Nevertheless, the increased structural complexity of hybrid systems can introduce challenges in 

fabrication reproducibility, interface control, long-term stability, and large-scale integration [19–21]. 
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  Nanomaterials provide a versatile platform for tailoring the electrical and switching properties of memristive 

devices. The diversity of available materials enables the development of devices with different resistance 

states, switching mechanisms, and neuromorphic behaviors. However, material selection alone does not 

determine device performance; the interaction between nanomaterial properties, interfaces, device 

architecture, and switching mechanism must also be considered. This relationship is particularly important 

when transitioning from individual nanoscale devices toward integrated memristive arrays for practical 

neuromorphic computing. 

4|Device Architectures and Neuromorphic Functionality 

The performance of nanomaterial-based memristors is strongly influenced by their device architecture, which 

determines the interaction between the active material, electrodes, interfaces, and external electrical stimuli. 

Although the basic memristive device typically consists of an active switching layer positioned between two 

electrodes, variations in layer configuration, electrode materials, device dimensions, and array organization 

can substantially modify the electrical and switching characteristics. Consequently, device architecture 

represents an important design parameter for achieving reliable memory operation and neuromorphic 

functionality. The major memristive device architectures and their key characteristics, advantages, limitations, 

and representative applications are summarized in Table 2 [9–12]. 

Conventional Metal Insulator Metal (MIM) structures are among the most widely used architectures for 

nanomaterial-based memristors. In these devices, a nanoscale active layer is positioned between two 

conductive electrodes, and resistive switching is induced by applying an electrical bias. The relatively simple 

structure facilitates the investigation of switching mechanisms and enables the integration of a wide range of 

nanomaterials. By modifying the thickness and composition of the active layer or engineering the electrode 

interfaces, different switching behaviors and resistance states can be obtained. 

More advanced architectures have been developed to address the requirements of high-density neuromorphic 

computing. Crossbar arrays are particularly important because they enable large numbers of memristive 

elements to be interconnected in a compact configuration. In such architectures, individual memristors can 

represent synaptic weights, while electrical signals applied across the rows and columns can perform parallel 

computational operations. This capability provides an efficient physical platform for matrix–vector 

multiplication and in-memory processing. However, issues such as sneak currents, device variability, and 

programming accuracy become increasingly significant as array dimensions increase. 

The nanoscale nature of many memristive devices also enables the development of vertical, flexible, and three-

dimensional architectures. Vertical configurations can reduce device footprint and potentially increase 

integration density, while flexible architectures allow memristive devices to be incorporated into mechanically 

deformable electronic systems. These characteristics are particularly relevant to wearable electronics, soft 

robotics, and distributed sensing systems. Three-dimensional integration can further increase the number of 

computational elements within a limited physical area, although fabrication complexity and thermal 

management remain important considerations. 

Beyond their role as memory elements, appropriately designed memristive devices can reproduce several 

fundamental functions of biological synapses and neurons. Analog conductance modulation allows a 

memristor to represent different synaptic weights rather than only binary states. By applying sequences of 

electrical pulses, the conductance can be progressively increased or decreased, corresponding to synaptic 

potentiation and depression. The resulting short-term and long-term plasticity provides a physical mechanism 

for implementing learning and adaptation in neuromorphic systems [29–31]. 

Another important characteristic is the ability to implement multilevel resistance states. Instead of restricting 

a device to high- and low-resistance states, controlled programming can generate multiple intermediate 

conductance levels. This capability increases the amount of information that can be stored in a single device 

and enables more efficient representation of synaptic weights. However, achieving well-separated and stable 



 Shafiee|Nano. Nex. App. 1(3) (2026) 199-216 

 

207

 

  intermediate states requires precise control over switching dynamics and remains challenging because 

nanoscale processes can exhibit stochastic behavior. 

The combination of suitable nanomaterials and advanced device architectures therefore provides a pathway 

toward increasingly sophisticated neuromorphic hardware. The design strategy is shifting from optimizing 

individual memory characteristics toward simultaneously addressing memory, computation, learning, energy 

efficiency, and integration density. Such multifunctional behavior is essential for the implementation of 

practical neuromorphic systems and provides the foundation for the emerging applications discussed in the 

following section. 

Table 2. Memristive device architectures for neuromorphic computing. 

 

5|Applications in Neuromorphic Computing 

Nanomaterial-based memristors have attracted considerable attention as hardware platforms for 

neuromorphic computing because they can combine memory storage, signal processing, and learning 

functions within the same physical device. Their nanoscale dimensions, programmable conductance states, 

and history-dependent electrical response provide opportunities to implement computational operations with 

reduced data movement and potentially lower energy consumption. These characteristics are particularly 

relevant to AI applications in which large numbers of repetitive matrix operations must be performed 

efficiently [32]. 

One of the most important applications of memristive devices is in-memory computing, in which data 

processing is performed directly within or close to the memory elements. Conventional computing systems 

frequently transfer data between memory and processing units, leading to communication overhead and 

increased energy consumption. In contrast, memristive crossbar arrays can store synaptic weights as 

conductance values while simultaneously performing electrical operations associated with matrix–vector 

multiplication. This approach can substantially reduce the need for repeated data transfer and provides a 

hardware-efficient framework for implementing neural-network computations [33–36]. 

Nanomaterial-based memristors are also being investigated for the hardware implementation of ANNs. The 

programmable conductance of individual devices can be used to represent numerical weights, while arrays of 

memristive elements can emulate interconnected layers of a neural network. Analog or multilevel resistance 

states are particularly useful in this context because they allow a broader range of synaptic weights to be 

represented within individual devices. The physical implementation of neural-network operations can 

consequently provide opportunities for parallel processing and improved computational efficiency compared 

with conventional digital implementations [24]. 

Another important application is edge AI, where data are processed locally on devices rather than being 

continuously transferred to centralized computing systems. Edge devices often operate under strict limitations 

in terms of power consumption, computational resources, and physical size. Nanomaterial-based memristors 

can address some of these requirements through their compact dimensions, low-power operation, and ability 

Architecture Main Features Advantages Limitations Typical Applications 

MIM Two electrodes 
with active layer 

Simple structure, 
easy fabrication 

Limited density Basic memristors, 
synapses 

Crossbar Interconnected 
memristor array 

High density, parallel 
processing 

Sneak-path currents In-memory computing, 
ANN 

Vertical Stacked device 
structure 

Small footprint, high 
density 

Fabrication complexity 3D neuromorphic 
systems 

Flexible Devices on 
flexible substrates 

Mechanical 
flexibility, lightweight 

Mechanical and 
environmental instability 

Wearable electronics 

3D Vertically 
integrated arrays 

High integration 
density, scalability 

Thermal and fabrication 
challenges 

Large-scale neuromorphic 
computing 
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  to perform memory and computation simultaneously. This makes them attractive for applications such as 

intelligent sensors, portable electronic systems, autonomous devices, and distributed IoT platforms. 

Memristive neuromorphic systems have also demonstrated potential for image and pattern recognition. 

Electrical signals representing visual information can be processed through memristive arrays, where the 

conductance states of individual devices encode the parameters of computational models. The parallel 

processing capability of crossbar architectures can be particularly beneficial for feature extraction and 

classification tasks. Nanomaterial-based devices with analog switching behavior may further support adaptive 

learning by allowing their conductance to be modified in response to repeated input signals [37]. 

Beyond image processing, neuromorphic memristive hardware has potential applications in signal processing 

and sensory computing. The ability of memristors to respond dynamically to temporal input patterns makes 

them suitable for processing signals that contain both spatial and temporal information. This feature is 

relevant to applications involving speech, environmental sensing, biological signals, and other time-dependent 

data. In such systems, the inherent memory of the device can contribute to temporal information processing 

without requiring extensive external memory resources. 

The combination of sensing and neuromorphic processing has additionally opened opportunities for 

intelligent and autonomous electronic systems. Nanomaterial-based memristors can potentially be integrated 

with sensors to create compact systems capable of detecting, storing, and interpreting information locally. 

Such architectures may be useful in robotics, wearable electronics, smart environments, and IoT networks, 

where rapid response and low-power operation are important. In robotics, for example, memristive hardware 

can contribute to adaptive control and sensory processing by providing hardware-level learning and pattern 

recognition capabilities [35]. The integration of memory, computation, and learning in nanomaterial-based 

memristive architectures enables their application across a broad range of neuromorphic systems, including 

in-memory computing, ANNs, edge AI, pattern recognition, temporal signal processing, and intelligent 

sensing platforms, as summarized in Fig. 4. 

Despite these promising applications, the transition from laboratory-scale memristive devices to practical 

neuromorphic systems remains challenging. The computational accuracy of a memristive neural network 

depends not only on the intrinsic properties of individual devices but also on the uniformity, reliability, 

programming precision, and scalability of large arrays. Variations in resistance states, nonlinear conductance 

updates, device to device differences, and circuit-level parasitic effects can influence the overall performance 

of neuromorphic hardware. Therefore, future development requires simultaneous optimization of 

nanomaterial properties, device architecture, array design, algorithms, and system-level integration. 

The emerging applications of nanomaterial-based memristors demonstrate that these devices can extend 

beyond conventional non-volatile memory toward multifunctional computing hardware. Their potential to 

integrate storage, computation, and learning within nanoscale architectures makes them promising candidates 

for energy-efficient AI and neuromorphic systems. However, achieving reliable large-scale implementation 

requires a careful balance between device-level performance and system-level requirements, which motivates 

a critical evaluation of their performance and remaining limitations. 
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Fig. 4. Schematic representation of nanomaterial-based memristor applications in 

neuromorphic computing. 

 

6|Performance, Challenges, and Limitations 

The practical development of nanomaterial-based memristors for neuromorphic computing depends on 

achieving a suitable balance between electrical performance, reliability, energy efficiency, and scalability. 

Although a wide variety of nanomaterials and device architectures have demonstrated promising switching 

and synaptic behaviors, the performance reported at the individual device level does not always translate 

directly into reliable operation at the array or system level. Therefore, evaluating memristive devices requires 

consideration of multiple parameters simultaneously rather than relying on a single performance indicator. 

The performance of memristive devices is determined by several parameters, including switching speed, 

energy consumption, ON/OFF ratio, endurance, retention, multilevel capability, and variability. These 

parameters directly affect the efficiency, reliability, and accuracy of neuromorphic computing systems, as 

summarized in Table 3 [5–8]. 

Switching speed and energy consumption are among the most important parameters for neuromorphic 

applications. Fast switching enables rapid programming and information processing, while low switching 

energy is essential for developing energy-efficient AI hardware. Nanomaterials can provide short ion-

migration distances, nanoscale conduction pathways, and localized switching regions, potentially reducing the 

energy required for resistance-state modulation. However, reducing the operating voltage or active volume 

does not necessarily guarantee stable switching, and optimization of the material composition, interfaces, and 

device dimensions is required to achieve both low energy consumption and reliable operation. 

Endurance and retention are also critical for practical memristive systems. Endurance describes the ability of 

a device to withstand repeated programming and erasing cycles, whereas retention reflects its ability to 

maintain a programmed state over time. Neuromorphic applications may require frequent conductance 
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  updates during learning processes, making long-term endurance particularly important. At the same time, 

stable resistance states are necessary for preserving stored synaptic information. Degradation of active 

materials, irreversible structural changes, electrode interactions, and uncontrolled ion or vacancy migration 

can contribute to performance deterioration and limit the operational lifetime of devices [36–38]. 

A major challenge associated with nanoscale memristive systems is device-to-device and cycle-to-cycle 

variability. Resistive switching can involve localized processes such as conductive filament formation, defect 

migration, and charge trapping, which may exhibit stochastic behavior at the nanoscale. As a result, nominally 

identical devices can demonstrate different switching voltages, resistance states, or conductance-update 

characteristics. Such variability is particularly problematic for neuromorphic computing because neural-

network performance depends on the accurate representation and modification of synaptic weights. 

Improving material uniformity, controlling defects and interfaces, and developing appropriate programming 

and error-compensation strategies are therefore important research directions. 

The scalability of memristive devices presents another significant challenge. Crossbar arrays can provide high 

computational density and parallel processing, but increasing the number of interconnected devices 

introduces circuit-level problems such as sneak-path currents, parasitic effects, signal interference, and 

programming errors. The practical implementation of large arrays may consequently require additional 

selector devices, optimized circuit architectures, or advanced addressing strategies. Although such solutions 

can improve array reliability, they may also increase fabrication complexity, device footprint, and energy 

consumption [37]. 

CMOS compatibility and manufacturing reproducibility are further considerations for the commercialization 

of nanomaterial-based memristive technologies. Many emerging nanomaterials require specialized synthesis 

or deposition processes that may not be directly compatible with established semiconductor manufacturing. 

Variations in material quality, layer thickness, defect concentration, and interface properties can also affect 

device uniformity. Developing scalable fabrication techniques while maintaining precise control over 

nanoscale material properties remains essential for the integration of memristive devices with conventional 

electronic circuits. 

Another important limitation is the trade-off between analog functionality and switching stability. Gradual 

conductance modulation is highly desirable for neuromorphic computing because it enables memristors to 

represent multiple synaptic states. However, analog switching can be more sensitive to variations in material 

properties and operating conditions than binary switching. Nonlinear or asymmetric conductance updates 

may also affect the accuracy of neural-network training. Consequently, the optimization of potentiation and 

depression behavior, conductance linearity, dynamic range, and state-to-state reproducibility is an important 

aspect of neuromorphic device engineering. 

Thermal stability and environmental sensitivity can additionally influence the long-term performance of 

nanomaterial-based memristors. Temperature variations may alter ion mobility, defect dynamics, charge 

transport, and switching thresholds. Certain nanomaterials may also be sensitive to humidity, oxygen, 

mechanical deformation, or chemical interactions with their surrounding environment. These effects become 

particularly relevant for flexible, wearable, and distributed electronic systems operating outside controlled 

laboratory conditions [39]. 

The major challenges of nanomaterial-based memristors are interconnected. Improving one characteristic 

may adversely affect another; for example, increasing switching speed can influence energy consumption or 

endurance, while increasing the number of resistance states can introduce greater variability. Therefore, future 

progress requires a multidimensional optimization strategy that simultaneously considers material design, 

switching physics, device architecture, circuit integration, and computational requirements. Addressing these 

challenges is essential for moving nanomaterial-based memristors from promising experimental devices 

toward reliable and scalable neuromorphic computing platforms. 
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  Table 3. Key performance parameters of memristive devices and their relevance to neuromorphic computing. 

 

 

 

 

 

 

 

 
 

7|Emerging Trends and Future Perspectives 

The rapid evolution of nanomaterials, memristive devices, and AI is creating new opportunities for the 

development of next-generation neuromorphic computing systems. Future research is expected to move 

beyond demonstrating individual memristive switching behaviors toward the development of integrated 

platforms capable of performing reliable, adaptive, and energy-efficient computation. In this context, 

advances in nanomaterial engineering and device architecture will play an important role in addressing the 

limitations of current memristive technologies. 

One important research direction is the development of advanced 2D materials and heterostructures. The 

atomic-scale thickness and tunable electronic properties of 2D materials provide opportunities for 

constructing ultracompact devices with engineered interfaces and switching characteristics. Combining 

different 2D materials into heterostructures may further enable control over charge transport, defect states, 

and interfacial phenomena. Such architectures could provide improved opportunities for multilevel switching 

and analog conductance modulation, which are important for implementing artificial synapses and in-memory 

computing. 

Another emerging direction involves the development of three-dimensional and vertically integrated 

memristive architectures. Increasing the density of computational elements is essential for implementing 

large-scale neuromorphic systems within a limited physical area. Three-dimensional integration can potentially 

overcome some of the density limitations of conventional planar architectures by allowing multiple layers of 

memristive devices to be vertically stacked. However, successful implementation will require advances in 

fabrication, interlayer connectivity, thermal management, and device uniformity. 

The integration of memristive devices with CMOS technology is also expected to remain an important 

research priority. CMOS circuits provide mature capabilities for signal generation, control, communication, 

and system-level operation, while memristive devices can provide compact memory and analog computational 

functions. Hybrid CMOS memristive architectures could therefore combine the advantages of conventional 

electronics with the high-density and in-memory computational capabilities of nanomaterial-based devices. 

Achieving reliable material deposition and device fabrication on CMOS-compatible platforms will be critical 

for this transition [29–33]. 

Flexible and wearable neuromorphic electronics represent another promising area of development. The 

mechanical flexibility of selected nanomaterials and polymer-based systems enables memristive devices to be 

integrated into deformable substrates. When combined with flexible sensors, such systems could provide local 

processing of sensory information and reduce the need for continuous communication with external 

Parameter Description Significance in Neuromorphic Computing 

Switching speed Time required for state transition Determines computing speed 

Switching energy Energy per switching event Affects energy efficiency 

ON/OFF ratio Resistance ratio between LRS and 
HRS 

Determines state distinguishability 

Endurance Number of switching cycles Indicates device reliability 

Retention Stability of stored states over time Determines nonvolatile operation 

Multilevel states Number of distinguishable 
conductance levels 

Enables analog synaptic weights 

Variability Device-to-device and cycle-to-cycle 
fluctuations 

Affects computing accuracy 

Conductance linearity Uniformity of conductance updates Important for synaptic learning 

Scalability Ability to reduce device dimensions Enables high-density arrays 
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  computing units. This concept is particularly relevant to wearable devices, soft robotics, and intelligent human 

machine interfaces. 

The future of memristive neuromorphic computing will also depend increasingly on the interaction between 

device engineering and artificial-intelligence algorithms. Rather than designing the hardware and 

computational models independently, hardware algorithm co-design can account for the intrinsic 

characteristics of memristive devices, including nonlinear conductance changes, variability, limited precision, 

and stochastic switching. Neural-network architectures and training strategies can potentially be adapted to 

tolerate or exploit these characteristics, thereby improving system-level performance without requiring every 

individual device to behave ideally. 

Another important trend is the development of energy-efficient edge intelligence. As AI applications become 

increasingly distributed, there is a growing need for hardware capable of processing information locally with 

limited energy and computational resources. Nanomaterial-based memristive arrays could provide compact 

platforms for local learning, inference, and signal processing. Their potential combination with sensors and 

energy-efficient electronic circuits may support autonomous intelligent systems for IoT, robotics, 

environmental monitoring, and wearable applications. 

Future research may also explore multifunctional and multimodal neuromorphic systems in which electrical, 

optical, mechanical, and chemical signals are processed within integrated hardware. Nanomaterials are 

particularly attractive for these systems because their properties can often be engineered to respond to 

multiple physical stimuli. Such multifunctionality could contribute to the development of artificial sensory 

systems capable of acquiring and processing information in a manner more closely resembling biological 

perception [34]. 

Despite these opportunities, future progress will require greater standardization in the characterization and 

reporting of memristive devices. Differences in testing conditions, device dimensions, switching protocols, 

and performance metrics can make direct comparison between studies difficult. Establishing more consistent 

evaluation methods would facilitate meaningful comparisons among nanomaterial platforms and help identify 

the material and architectural characteristics most relevant to practical neuromorphic applications [32]. 

The future development of nanomaterial-based memristors is likely to involve a transition from isolated 

nanoscale devices toward integrated, scalable, multifunctional, and application-oriented neuromorphic 

systems. Advances in nanomaterial synthesis, interface engineering, device integration, circuit design, and AI 

algorithms will need to progress simultaneously. Such multidisciplinary development could enable memristive 

technologies to become an important component of future energy-efficient computing architectures. As 

illustrated in Fig. 5, future development of nanomaterial-based memristive devices is expected to focus on 

several key directions, including advanced 2D heterostructures, three-dimensional vertical integration, 

CMOS-memristor hybrid platforms, flexible neuromorphic electronics, hardware-algorithm co-design, 

energy-efficient edge intelligence, multimodal sensing systems, and the establishment of standardized 

characterization frameworks. 
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Fig. 5. Schematic overview of emerging research directions and future perspectives in 

nanomaterial-based memristive neuromorphic systems. 

 

8|Conclusion 

Nanomaterial-based memristors have emerged as promising building blocks for next-generation 

neuromorphic computing systems because of their ability to combine memory, computation, and adaptive 

functionality within nanoscale devices. The unique electrical and interfacial properties of 2D materials, metal 

oxides, nanoparticles, quantum dots, nanocomposites, and hybrid nanomaterials provide diverse 

opportunities for controlling resistive switching and developing programmable conductance states [38]. 

The integration of these materials into different memristive architectures, particularly crossbar and emerging 

three-dimensional configurations, has enabled the implementation of artificial synaptic and neuronal 

functions as well as in-memory computational operations. These capabilities have opened opportunities for 

applications in ANNs, edge AI, image and pattern recognition, signal processing, robotics, and IoT’s systems. 

In particular, analog and multilevel switching characteristics can provide an efficient physical representation 

of synaptic weights and facilitate parallel computational operations. 

Despite significant progress, several challenges continue to limit the large-scale implementation of 

nanomaterial-based memristive systems. Device variability, switching stochasticity, endurance, retention, 

energy consumption, array-level interference, fabrication reproducibility, and compatibility with conventional 

CMOS technology remain important issues. Addressing these challenges requires coordinated optimization 

of nanomaterial properties, interfaces, device architectures, circuit configurations, and computational 

algorithms rather than focusing on individual device parameters alone [39–41]. 

Future research is expected to increasingly emphasize advanced nanomaterial heterostructures, three-

dimensional integration, flexible and wearable devices, CMOS–memristor hybrid systems, and hardware 

algorithm co-design. Greater attention to standardized characterization and system-level evaluation will also 

be important for comparing different material platforms and assessing their practical potential. Overall, the 

combination of nanotechnology and memristive computing provides a versatile pathway toward compact, 

energy-efficient, and adaptive hardware for emerging AI applications. Continued advances in materials 

science, device engineering, and neuromorphic system design may further accelerate the transition of these 

technologies from experimental demonstrations toward scalable computing platforms. 
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