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      For patients using brain-computer interfaces to control prosthetic limbs or communicate, even small 

delays can make movements feel unnatural and imprecise. Modern brain-computer interfaces generate 

massive streams of neural data that often must be transmitted to external processors for interpretation. 

This constant movement of information increases power consumption, generates heat, and introduces 

delays that can limit the practicality of long-term implants. To address these challenges, researchers are 

developing neuromorphic devices built with memristive synapses, electronic components that mimic the 

adaptive behavior of biological synapses. By enabling data storage and processing directly on the 

implant, these systems have the potential to dramatically reduce energy demands, minimize latency, and  

bring brain-computer interfaces closer to real-time operation. However, despite this promise, significant 

engineering and biological constraints remain, including device variability, long-term stability, and 

challenges in scaling these systems for reliable clinical use. Progress in materials engineering and hybrid 

Complementary Metal-Oxide-Semiconductor (CMOS) memristor architectures is increasingly being 

explored to mitigate these constraints, suggesting these barriers may be reducible rather than 

fundamental. Together, these developments represent a potential shift towards edge-computing 

brain-computer interfaces that process neural signals locally rather than relying on external 

computation.    

     At the core of next-generation brain-computer interfaces and neurotechnology is the implementation 

of memristive synapse, a nanoscale device that mimics the function of a biological synapse by changing 

its electrical resistance in response to prior activity, allowing it to store information through conductance 

states while simultaneously contributing to computation. This design reflects a broader shift toward 

neuromorphic computing, an architecture inspired by the structure of the brain in which memory and 

processing are not separated but instead co-located within the same functional units. This contrasts with 

conventional systems based on the von Neumann architecture, where memory and computation are 



physically distinct, requiring continuous data transfer between components before processing can occur. 

In brain-computer interfaces, this separation becomes especially limiting because high-bandwidth neural 

signals must be processed in real time, and the energy cost of moving data often exceeds the cost of 

computation itself, a fundamental inefficiency identified in neural computing architectures (Indiveri & 

Liu, 2015). Neuromorphic computing addresses this limitation by enabling in-memory computation, 

where data is processed directly within the same physical location in which it is stored. Memristive 

synapses make this possible in hardware by allowing resistance changes to encode both memory and 

computational states, reducing reliance on repeated data movement and improving efficiency in 

continuous signal processing. Experimental work has shown that memristor-based systems can 

significantly reduce energy consumption in computation-heavy tasks by minimizing data transfer 

overhead, which is a major contributor to inefficiency in traditional architectures (Zidan et al. 2018). For 

brain-computer interfaces, this is significant because neural decoding requires constant processing of 

dynamic, noisy, and high-volume signals under strict power constraints. By shifting computation to the 

edge of the system, memristive neuromorphic devices offer a pathway toward real-time neural signal 

processing that is both energy efficient and scalable for long-term implantation. 

    The development of memristive neuromorphic systems carries significant implications for the future of 

brain-computer interfaces, most commonly for improving the quality of life for individuals who rely on 

neurotechnology for communication or motor control. Recent advances in memristive device 

architectures have demonstrated the potential for low-power, high density computing systems capable 

of supporting neurotechnology applications that require continuous and efficient signal processing (Noh 

et al., 2025). Current implantable brain-computer interface systems are often limited by external 

processing requirements, frequent recharging, and delays that disrupt the timing of intended movement, 

making real-time interaction more cognitively demanding. By enabling computation and memory to 

occur directly within implanted hardware, memristive synapses offer a pathway toward more 



autonomous brain-computer interfaces that can operate with reduced energy demands and minimal 

reliance on external devices. This shift provides significance for long-term clinical applications, where 

reducing heat generation and power consumption is critical for patient safety and comfort. In addition, 

synapse-inspired memristive systems have been shown to enable adaptive signal processing that more 

closely resembles biological neural behavior, which is essential for maintaining stable performance in 

dynamic neural environments (Choi et al., 2019). Collectively, these developments suggest that 

memristive neuromorphic systems may play a central role in advancing brain-computer interfaces 

toward more efficient, adaptive, and clinically viable neurotechnology. 

      Despite the promise of memristive neuromorphic systems for brain-computer interfaces, significant 

engineering and biological constraints remain, including device variability, long-term stability. Furber 

(2016) situates neuromorphic computing as an effort to replicate brain-inspired information processing 

while acknowledging that “the brain still wins in coping with novelty, complexity and ambiguity,” 

highlighting the gap between adaptability and current neurotechnology engineered systems. This gap 

extends to system-level scalability, where Furber further notes that neuromorphic systems must balance 

competing demands in energy efficiency, integration density, flexibility, and connectivity when 

attempting to model increasingly large neural networks, highlighting the difficulty of translating 

brain-inspired architectures into practical large-scale systems. Moving towards device variability, 

memristive synapses can behave inconsistently under identical conditions due to the physics of resistive 

switching. Waser et. al  (2018) describes how ion migration and filament formation processes introduce 

stochastic changes in conductance, meaning that synaptic updates are not always uniform or 

predictable. This variability can be problematic in brain-computer interface applications, where small 

decoding errors can directly affect real-time control accuracy. As a result, substantial advances in both 

device reliability and system integration remain necessary before memristive neuromorphic 

architectures can achieve widespread adoption in brain computer interfaces. 



       Though, pathways to combat these issues are on the rise. A key direction involves improving 

scalability in neuromorphic systems through hybrid CMOS memristor architectures, which combine two 

technologies: CMOS (complementary metal-oxide-semiconductor), the standard foundation of modern 

digital electronics known for its stability and large-scale manufacturability, and memristors, nanoscale 

synaptic behavior devices. Together, these systems integrate the reliability of CMOS with the energy 

efficiency and adaptive learning capabilities of memristive devices. Sebastian et. al (2020) describe these 

hybrid systems as a means of enabling in-memory computation while reducing the architectural 

constraints associated with traditional von Neumann computing, particularly the inefficiencies caused by 

continuous data transfer between memory and processing units. By combining established 

semiconductor infrastructure with emerging memristive components, hybrid designs offer a more 

practical route towards large-scale, deployable neurotechnology. This combination allows engineers to 

leverage CMOS manufacturing infrastructure while integrating emerging nanoscale components without 

requiring a complete redesign of existing computing systems. This compatibility enhances 

brain-computer interfaces, where clinical deployment depends on technologies that can transition into 

scalable and manufacturable devices. At the device level, advances in memristive materials also provide 

a potential solution to variability and endurance challenges. Wang et. al (2017) demonstrates that 

memristors with diffusive dynamics can emulate more biologically realistic synaptic behavior, where 

gradual changes more closely resemble neural plasticity. These properties may improve the stability of 

synaptic updates over repeated operation, supporting more reliable long-term functionality in 

neuromorphic hardware. This form of adaptive switching opens the possibility for on-device learning, 

allowing brain-computer interfaces to adjust to evolving neural signal patterns without requiring 

constant external restraining. These developments significantly point toward neuromorphic systems that 

are more scalable, adaptive, and suitable for sustained clinical use in brain-computer interface 

applications.  



        Memristive neuromorphic systems represent a promising direction for advancing neurotechnology, 

particularly in the development of more efficient and adaptive brain-computer interfaces. The 

development of memristive synapses and neuromorphic architectures address key limitations of 

traditional von Neumann systems by co-locating memory and processing, allowing for faster and lower 

power neural signal interpretation. However, still significant challenges remain, particularly in device 

variability, long-term stability, and system-level scalability, which currently limit reliable clinical 

deployment. Despite these constraints, emerging approaches such as hybrid CMOS-memristor 

architectures and advances in memristive materials demonstrate potential pathways toward more robust 

and adaptive systems. As these technologies continue to develop, they may enable brain-computer 

interfaces that are more stable, energy efficient, and capable of long term interaction with dynamic 

neural activity, bringing practical neurotechnology closer to sustained real-world and clinical use.  
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