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Abstract:  
 

Modern digital infrastructure confronts escalating cyber threats while conventional 

processing systems demonstrate inadequate performance in addressing real-time 

security challenges across enterprise networks. Brain-inspired computational 

frameworks offer revolutionary alternatives by mimicking biological neural 

mechanisms to overcome fundamental limitations present in traditional cybersecurity 

architectures. Temporal spike-based processing networks deliver biologically authentic 

methods for examining time-dependent characteristics within data transmission flows, 

facilitating enhanced recognition of coordinated service disruption attacks, persistent 

infiltration campaigns, and irregular network behaviors. Activity-triggered 

computational models substantially minimize energy consumption while preserving 

microsecond response capabilities crucial for protecting organizational network assets. 

Fusion with access governance protocols strengthens identity verification procedures 

and permission management through simultaneous evaluation of diverse 

communication channels. Large-scale neural processing hardware exhibits remarkable 

computational performance with processing elements functioning at elevated 

operational frequencies while maintaining reduced power utilization levels. Timing-

dependent synaptic adaptation enables continuous learning functionality, permitting 

automatic calibration of detection variables according to changing network 

environments. Power conservation benefits prove especially significant for extensive 

installations where electrical consumption directly influences operating expenses and 

ecological responsibility. Deployment obstacles encompass equipment procurement 

limitations, architectural compatibility issues, and coordination requirements with 

established technological infrastructure. Anticipated developments include protocol 

unification projects, enhanced machine learning techniques, and thorough assessment 

platforms designed to expedite progression from conceptual designs to functional 

cybersecurity implementations. 

 

1. Introduction 
 

Modern computing networks witness 

unprecedented expansion in data throughput while 

malicious cyber activities concurrently increase in 

both sophistication and technical complexity. 

Conventional processing architectures face inherent 

bottlenecks concerning computational velocity, 

power efficiency, and real-time threat identification 

when managing vast information streams typical of 

contemporary financial and enterprise 

infrastructures. Current intrusion detection systems 

struggle with dataset heterogeneity, feature 

selection challenges, and immediate analytical 

processing requirements, especially when analyzing 

network traffic patterns containing intricate 

temporal dependencies [1]. The proliferation of 

advanced cybersecurity attacks has exposed the 

limitations of traditional signature-based 

recognition methods, necessitating innovative 

computational approaches capable of evolving with 

emerging attack methodologies while preserving 

system performance. Network Access Control 

mechanisms serve as cornerstone elements within 

modern cybersecurity frameworks, governing 

authentication protocols, authorization processes, 

and compliance assessment for networked devices 

and user accounts. Network security architectures 

can be advanced through the revolutionary 

possibilities of neural systems engineering 
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approaches, which emphasize the integration of 

biological neural computation principles with 

electrical system design [2]. The synthesis of 

biological neural processing with electronic 

computational systems creates unprecedented 

possibilities for developing intelligent, power-

efficient security solutions capable of analyzing 

complex network behavioral patterns within 

immediate operational timeframes. Neuromorphic 

computing implementation within cybersecurity 

contexts represents a largely unexplored research 

territory with significant potential for breakthrough 

innovations. Neuromorphic engineering spans 

multiple research disciplines, including silicon-

based neural architectures, adaptive sensing 

systems, and nature-inspired processing designs 

that fundamentally diverge from traditional von 

Neumann computational models [3]. The 

deployment of such technologies within network 

security frameworks presents opportunities for 

identifying previously invisible attack signatures 

while maintaining energy efficiency essential for 

widespread implementation across enterprise and 

financial network environments. 

 

2. Neuromorphic Computing Fundamentals 

and Architectures  
 

Neuromorphic computing establishes a 

fundamental departure from traditional digital 

processing through brain-inspired architecture 

implementation, processing information via 

interconnected artificial neurons. Mathematical 

representations of spiking neurons include various 

formulations encompassing Leaky Integrate-and-

Fire models, Hodgkin-Huxley equations, and 

Izhikevich neuron frameworks, each providing 

distinct computational properties suitable for 

different application sectors [4]. Core 

neuromorphic system components employ spike-

oriented communication protocols mimicking 

biological neural transmission mechanisms, 

facilitating event-driven processing capabilities, 

significantly reducing power consumption 

compared to traditional continuous-time processing 

methods. Contemporary neuromorphic 

architectures incorporate analog, digital, and 

mixed-signal implementations, each providing 

specific benefits for cybersecurity applications. 

Neuromorphic electronic circuits combine memory 

and computational functions within individual 

processing components, eliminating von Neumann 

bottlenecks characteristic of conventional 

computing architectures [5]. The memory and 

processing capability co-location enables parallel 

information processing across multiple neural 

pathways, supporting simultaneous analysis of 

diverse network traffic characteristics, including 

packet timing, protocol patterns, and behavioral 

anomalies. Event-driven processing mechanisms 

ensure computational resources receive utilization 

only when meaningful information requires 

analysis, contrasting with the continuous processing 

demands of traditional architectures. Temporal 

dynamics inherent within neuromorphic systems 

naturally align with network traffic patterns, 

exhibiting bursty and irregular characteristics that 

challenge conventional processing systems to 

handle efficiently. Advanced neuromorphic 

architectures incorporate adaptive learning 

mechanisms enabling real-time optimization of 

detection algorithms based on evolving network 

conditions and emerging threat patterns. 3. Spiking 

Neural Networks for Network Anomaly Detection 

Spiking Neural Networks form the computational 

foundation of neuromorphic threat detection 

systems, providing biologically realistic 

mechanisms for processing temporal information 

inherent within network traffic patterns. Event-

oriented processing systems exhibit superior 

performance in gesture recognition applications, 

achieving power consumption levels measured in 

milliwatts while maintaining real-time processing 

capabilities [6]. The temporal coding abilities of 

SNNs prove especially valuable for identifying 

distributed denial-of-service attacks, advanced 

persistent threats, and additional time-sensitive 

security incidents displaying distinctive temporal 

signatures across network infrastructure 

components. Error-backpropagation algorithms 

specifically developed for temporally encoded 

spiking neural networks enable supervised learning 

of complex threat patterns while preserving 

temporal relationships critical for accurate anomaly 

detection [7]. SNN architecture for network 

anomaly detection incorporates multiple processing 

layers extracting hierarchical features from network 

traffic data, converting raw packet information into 

spike trains, and preserving temporal relationships 

essential for detecting sophisticated attack vectors. 

Input processing layers manage packet sizes, inter-

arrival times, and protocol characteristics, while 

intermediate layers perform feature extraction and 

pattern recognition tasks, identifying deviations 

from established baseline behaviors. Deep learning 

methodologies adapted for spiking neural networks 

demonstrate significant advantages in processing 

sequential data patterns characteristic of network 

communications [8]. Combining supervised and 

unsupervised learning paradigms allows SNNs to 

adapt to evolving network conditions while 

maintaining sensitivity to previously encountered 

attack vectors. Training methodologies incorporate 

offline learning using historical threat data and 
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online adaptation mechanisms, enabling continuous 

improvement of detection accuracy as new threat 

patterns emerge within network environments. 

 

3. Integration with Network Access Control 

Systems 
 

Neuromorphic computing capability integration 

into existing NAC infrastructures demands careful 

consideration of architectural compatibility, 

performance requirements, and operational 

constraints. Spike-timing-dependent plasticity 

mechanisms provide comprehensive frameworks 

for implementing adaptive learning capabilities 

within network security systems, enabling dynamic 

adjustment of detection parameters based on 

observed network behaviors [9]. Modern NAC 

implementations benefit from neuromorphic 

processors functioning as specialized threat 

detection accelerators, enhancing real-time 

assessment capabilities while maintaining 

compatibility with established security policies and 

administrative procedures. Network Access Control 

systems encompass authentication, authorization, 

and compliance evaluation functions that 

collectively determine user and device access 

privileges within enterprise networks [10]. 

Neuromorphic processing element incorporation 

into such architectures enhances real-time threat 

assessment capabilities through parallel analysis of 

multiple network flows, enabling simultaneous 

evaluation of authentication attempts, device 

behavior patterns, and communication protocols. 

Hybrid architectural approaches facilitate 

neuromorphic-NAC integration without requiring 

complete infrastructure overhauls, allowing 

organizations to gradually transition to enhanced 

security systems while maintaining operational 

continuity. Edge deployment strategies for 

neuromorphic-enhanced NAC systems offer 

significant advantages regarding latency reduction 

and bandwidth utilization. Distributed 

neuromorphic processing capabilities positioned at 

network edge locations enable rapid response to 

localized security incidents while reducing network 

traffic volume requiring transmission to centralized 

analysis centers. Event-driven neuromorphic 

processing nature ensures efficient resource 

utilization across distributed deployment scenarios, 

maintaining consistent performance characteristics 

regardless of geographic distribution or network 

topology complexity. 

 

4. Energy Efficiency and Performance 

Analysis 
 

Energy efficiency constitutes a critical advantage of 

neuromorphic computing systems, particularly 

relevant for large-scale network security 

deployments where power consumption directly 

impacts operational costs and environmental 

sustainability. Wafer-scale neuromorphic hardware 

systems demonstrate exceptional processing 

capabilities, with individual implementations 

supporting up to 384 neural processing cores 

operating at frequencies exceeding 100 MHz while 

consuming power levels measured in watts rather 

than kilowatts [11]. The event-driven neuromorphic 

processing nature ensures power consumption 

scales directly with input activity levels, contrasting 

with the constant power draw characteristic of 

conventional GPU-based machine learning systems. 

Performance benchmarking of neuromorphic threat 

detection systems reveals significant advantages in 

processing latency and throughput capacity 

compared to traditional computing approaches. 

Million-neuron integrated circuits achieve synaptic 

connectivity densities exceeding 256 million 

connections while maintaining communication 

latencies below 100 microseconds for inter-core 

spike transmission [12]. Parallel processing 

capabilities inherent within neuromorphic 

architectures enable simultaneous analysis of 

multiple network flows without computational 

bottlenecks associated with sequential processing 

methodologies, facilitating real-time threat 

detection across high-bandwidth network 

environments. Scalability analysis indicates that 

neuromorphic systems maintain consistent 

performance characteristics across varying network 

loads and traffic volumes. Distributed processing 

nature enables horizontal scaling through the 

addition of parallel processing units, while adaptive 

learning capabilities ensure that detection accuracy 

improves with exposure to diverse threat patterns. 

Performance metrics indicate consistent throughput 

rates significantly surpassing traditional processing 

systems, all while sustaining energy consumption 

levels appropriate for use in resource-limited 

settings, such as edge computing environments and 

mobile network infrastructure. 

 

5. Challenges in Implementation and 

Limitations of Technology. 
 

Present-day neuromorphic hardware development 

encounters significant deployment barriers that 

must be addressed before practical network security 

implementation becomes feasible. Dynamic neural 

field architectures require complex control systems 

to maintain stable cognitive processing 

performance, demanding precise parameter 

calibration and architectural fine-tuning to ensure 
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consistent operation across varying network 

environments [13]. The scarcity of commercially 

available neuromorphic processors creates 

immediate applicability constraints, while the 

absence of unified development frameworks 

generates complications for system architecture and 

optimization processes targeting cybersecurity 

applications. Current neuromorphic processor 

technologies face hardware restrictions 

encompassing network scale limitations, synaptic 

connection density boundaries, and spike timing 

precision constraints. Existing neuromorphic 

platforms accommodate neural network structures 

ranging from thousands to millions of processing 

nodes, with synaptic interconnection patterns 

limited by on-chip memory capacity and inter-

processor communication throughput. The temporal 

accuracy requirements essential for effective threat 

detection may exceed present neuromorphic 

hardware specifications, potentially demanding 

hybrid implementation strategies combining 

multiple processing units or merging neuromorphic 

technologies with traditional computing elements. 

System integration difficulties include 

interoperability challenges with established 

network infrastructure, existing security 

frameworks, and current management platforms. 

Event-based communication methodologies 

employed by neuromorphic architectures 

necessitate protocol conversion mechanisms for 

compatibility with standard network equipment 

utilizing packet-based communication systems. The 

probabilistic aspects intrinsic to neuromorphic 

processing necessitate thorough examination of 

error rates and detection precision in essential 

security applications, where the need for reliable 

performance requires steady operational assurances 

across different deployment situations. 

  

6. Future Directions and Research 

Possibilities  
 

The convergence of neuromorphic computing and 

network security opens up broad opportunities for 

future exploration and technological progress in 

various fields. Comprehensive evaluations of 

neuromorphic computing implementations reveal 

hardware architecture diversity, software 

framework variety, and application domains 

currently under active investigation, suggesting 

substantial possibilities for cybersecurity-focused 

innovations [14]. Advanced learning algorithms 

specifically engineered for neuromorphic 

architectures may enhance the adaptability and 

precision of threat detection systems, while 

innovative spike-coding methodologies could 

improve information representation efficiency and 

processing within network security applications. 

Emerging neuromorphic cybersecurity applications 

expand beyond conventional threat detection to 

include proactive security protocols, behavioral 

analysis capabilities, and predictive threat modeling 

functions. Real-time learning mechanisms facilitate 

dynamic adaptation to evolving threat 

environments, while energy efficiency benefits 

enable deployment within resource-limited 

environments, including Internet of Things 

networks and mobile communication 

infrastructures. The development of neuromorphic 

security frameworks for such applications 

constitutes significant research opportunities with 

potential for considerable commercial and 

academic advancement. Initiatives to standardize 

neuromorphic computing interfaces, 

communication protocols, and development 

processes will enable the widespread deployment of 

neuromorphic cybersecurity solutions in various 

network contexts. Establishing industry standards 

and best practices requires close collaboration 

between cybersecurity experts, software 

developers, and hardware manufacturers. The 

creation of neuromorphic cybersecurity testing 

environments and evaluation frameworks will 

enable rigorous performance assessment and 

technology validation, expediting the transition  
 

Table 1: Structural elements and mathematical models utilized in neuromorphic threat detection systems[4,5,6,7,8]  

Component 

Type 

Mathematical 

Model 

Processing 

Layer 

Functionality Application 

Domain 

Spiking 

Neurons 

Leaky Integrate-

Fire 

Input Packet Analysis Network Traffic 

Temporal 

Coding 

Hodgkin-Huxley Intermediate Feature 

Extraction 

Pattern 

Recognition 

Synaptic 

Plasticity 

Izhikevich 

Framework 

Hidden Behavioral 

Analysis 

Anomaly 

Detection 

Spike Trains STDP 

Mechanisms 

Output Decision Making Threat 

Classification 
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Table 2: Integration strategies for neuromorphic processors within existing network access control infrastructures 

[9,10]  

Integration 

Approach 

Compatibility 

Level 

Implementation 

Complexity 

Performance 

Enhancement 

Deployment Strategy 

Hybrid Architecture High Medium Moderate Gradual 

Edge Processing Medium Low High Distributed 

Centralized NAC Low High Very High Complete Overhaul 

Accelerator Modules Very High Low High Modular Addition 

 

Table 3: Comparative analysis of processing capabilities between conventional and neuromorphic systems[11,12] 
Computing Type Processing 

Model 

Power 

Consumption 

Level 

Response Time Scalability 

Factor 

Learning 

Capability 

Traditional Digital Continuous 

Processing 

Kilowatts Milliseconds Linear Static 

GPU-based ML Batch 

Processing 

High Constant Variable Limited Offline 

Neuromorphic Event-driven Milliwatts to 

Watts 

Microseconds Exponential Adaptive 

Hybrid Systems Mixed 

Processing 

Medium 

Variable 

Sub-millisecond Flexible Dynamic 

  

Table 4: Potential advancement areas and research directions for neuromorphic cybersecurity technologies [14] 

Development Area Innovation 

Potential 

Market 

Impact 

Technical 

Feasibility 

Investment 

Priority 

Algorithm Enhancement Very High High Good Critical 

Hardware Standardization High Very High Moderate Essential 

Protocol Development Medium High Good Important 

Testing Frameworks High Medium Excellent Moderate 

Commercial Platforms Critical Critical Challenging Urgent 

IoT Integration Very High Critical Good High 

 

from research concepts to operational 

implementations within critical infrastructure and 

enterprise network systems. 

 

4. Conclusions 
 

Neuromorphic computational technology 

constitutes a fundamental transformation in digital 

security design, delivering exceptional capabilities 

for immediate network threat identification through 

biological processing emulation. The combination 

of temporal spike networks with access control 

mechanisms provides comprehensive solutions 

addressing existing deficiencies in conventional 

computing methodologies while preserving energy 

conservation necessary for broad implementation. 

Event-responsive processing abilities enable 

instantaneous reaction to security breaches while 

utilizing minimal electrical resources compared to 

standard graphics processing unit-based learning 

systems. Time-based characteristics inherent within 

neural-inspired frameworks naturally correspond 

with data transmission behaviors, enabling superior 

identification of complex attack strategies through 

concurrent evaluation of multiple communication 

pathways. The self-adjusting learning capabilities 

embedded within timing-sensitive adaptation 

systems ensure ongoing enhancement of detection 

precision as novel threat configurations develop 

across varied network settings. Although current 

implementation barriers include equipment 

accessibility restrictions and system coordination 

difficulties, the prospective advantages of neural-

inspired security solutions warrant sustained 

development initiatives. Forthcoming 

improvements in protocol standardization efforts, 

software development platforms, and commercial 

hardware accessibility will hasten the progression 

from theoretical frameworks to operational 

deployments within essential infrastructure and 

corporate network environments. The merger of 

biological neural processing concepts with 

electronic computational systems generates 

revolutionary opportunities for creating intelligent, 
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energy-conscious security solutions capable of 

safeguarding contemporary digital networks against 

developing cyber dangers while maintaining 

operational effectiveness and environmental 

stewardship. 
 

Author Statements: 

 

 Ethical approval: The conducted research is 

not related to either human or animal use. 

 Conflict of interest: The authors declare that 

they have no known competing financial 

interests or personal relationships that could 

have appeared to influence the work reported in 

this paper 

 Acknowledgement: The authors declare that 

they have nobody or no-company to 

acknowledge. 

 Author contributions: The authors declare that 

they have equal right on this paper. 

 Funding information: The authors declare that 

there is no funding to be acknowledged.  

 Data availability statement: The data that 

support the findings of this study are available 

on request from the corresponding author. The 

data are not publicly available due to privacy or 

ethical restrictions. 
 

References 
 
[1] Mike  Davies et al., "Loihi: A neuromorphic 

manycore processor with on-chip learning," 

ResearchGate, January 2018. 

Available:https://www.researchgate.net/publication

/322548911_Loihi_A_Neuromorphic_Manycore_P

rocessor_with_On-Chip_Learning 

[2] Steve Furber and Steve Temple, "Neural systems 

engineering," ResearchGate, November 2006. 

Available:https://www.researchgate.net/publication

/6552817_Neural_Systems_Engineering 

[3] Giacomo Indiveri and Timothy. Horiuchi, "Frontiers 

in neuromorphic engineering," ResearchGate, 

October 2011. 

Available:https://www.researchgate.net/publication

/51732093_Frontiers_in_Neuromorphic_Engineeri

ng 

[4] Luigi Fortuna and Arturo Buscarino, "Spiking 

Neuron Mathematical Models: A Compact 

Overview," ResearchGate, January 2023. 

Available:https://www.researchgate.net/publication

/367537601_Spiking_Neuron_Mathematical_Mode

ls_A_Compact_Overview 

[5] Elisabetta Chicca et al., "Neuromorphic Electronic 

Circuits for Building Autonomous Cognitive 

Systems," ResearchGate, March 2014. 

Available:https://www.researchgate.net/publication

/261136617_Neuromorphic_Electronic_Circuits_fo

r_Building_Autonomous_Cognitive_Systems 

[6] A. Amir et al., "A low power, fully event-based 

gesture recognition system," IEEE Conference on  

Computer Vision and Pattern Recognition, IEEE 

Xplore, 9 November 2017. 

Available:https://ieeexplore.ieee.org/document/810

0264 

[7] Sander M. Bohte et al., "Error-backpropagation in 

temporally encoded networks of spiking neurons," 

Neurocomputing, ScienceDirect, October 2002. 

Available:https://www.sciencedirect.com/science/ar

ticle/abs/pii/S0925231201006580 

[8] Amirhossein Tavanaei et al., "Deep learning in 

spiking neural networks," Neural Networks,  

Science Direct,  March 

2019.Available:https://www.sciencedirect.com/scie

nce/article/abs/pii/S0893608018303332 

[9] Henry Markram et al., "Spike-timing-dependent 

plasticity: A comprehensive overview," Frontiers in 

Synaptic Neuroscience, ResearchGate, July 2012. 

Available: 

https://www.researchgate.net/publication/22916196

8_Spike-Timing-

Dependent_Plasticity_A_Comprehensive_Overvie

w 

[10]  Cato Networks, "The Ultimate Guide to Network 

Access Control (NAC),"  Available: 

https://www.catonetworks.com/network-

security/network-access-control/ 

[11] Johannes Schemmel et al., "A wafer-scale 

neuromorphic hardware system for large-scale 

neural modeling," ResearchGate, July 2010. 

Available:https://www.researchgate.net/publication

/224163545_AWafer-

Scale_Neuromorphic_Hardware_System_for_Larg

e-Scale_Neural_Modeling 

[12] Paul A. Merolla et al., "A million spiking-neuron 

integrated circuit with a scalable communication 

network and interface," PaulMerolla. 

Available:http://paulmerolla.com/merolla_main_so

m.pdf 

[13] Yulia Sandamirskaya, "Dynamic neural fields as a 

step toward cognitive neuromorphic architectures," 

Frontiers in Neuroscience, ResearchGate, January 

2014. 

Available:https://www.researchgate.net/publication

/259986327_Dynamic_neural_fields_as_a_step_to

ward_cognitive_neuromorphic_architectures 

[14]  Catherine D. Schuman et al., "A survey of 

neuromorphic computing and neural networks in 

hardware," ResearchGate, May 2017. 

Available:https://www.researchgate.net/publication

/317040195_A_Survey_of_Neuromorphic_Comput

ing_and_Neural_Networks_in_Hardware 
 

https://www.researchgate.net/publication/322548911_Loihi_A_Neuromorphic_Manycore_Processor_with_On-Chip_Learning
https://www.researchgate.net/publication/322548911_Loihi_A_Neuromorphic_Manycore_Processor_with_On-Chip_Learning
https://www.researchgate.net/publication/322548911_Loihi_A_Neuromorphic_Manycore_Processor_with_On-Chip_Learning
https://www.researchgate.net/publication/6552817_Neural_Systems_Engineering
https://www.researchgate.net/publication/6552817_Neural_Systems_Engineering
https://www.researchgate.net/publication/51732093_Frontiers_in_Neuromorphic_Engineering
https://www.researchgate.net/publication/51732093_Frontiers_in_Neuromorphic_Engineering
https://www.researchgate.net/publication/51732093_Frontiers_in_Neuromorphic_Engineering
https://www.researchgate.net/publication/367537601_Spiking_Neuron_Mathematical_Models_A_Compact_Overview
https://www.researchgate.net/publication/367537601_Spiking_Neuron_Mathematical_Models_A_Compact_Overview
https://www.researchgate.net/publication/367537601_Spiking_Neuron_Mathematical_Models_A_Compact_Overview
https://www.researchgate.net/publication/261136617_Neuromorphic_Electronic_Circuits_for_Building_Autonomous_Cognitive_Systems
https://www.researchgate.net/publication/261136617_Neuromorphic_Electronic_Circuits_for_Building_Autonomous_Cognitive_Systems
https://www.researchgate.net/publication/261136617_Neuromorphic_Electronic_Circuits_for_Building_Autonomous_Cognitive_Systems
https://ieeexplore.ieee.org/document/8100264
https://ieeexplore.ieee.org/document/8100264
https://www.sciencedirect.com/science/article/abs/pii/S0925231201006580
https://www.sciencedirect.com/science/article/abs/pii/S0925231201006580
https://www.sciencedirect.com/science/article/abs/pii/S0893608018303332
https://www.sciencedirect.com/science/article/abs/pii/S0893608018303332
https://www.researchgate.net/publication/229161968_Spike-Timing-Dependent_Plasticity_A_Comprehensive_Overview
https://www.researchgate.net/publication/229161968_Spike-Timing-Dependent_Plasticity_A_Comprehensive_Overview
https://www.researchgate.net/publication/229161968_Spike-Timing-Dependent_Plasticity_A_Comprehensive_Overview
https://www.researchgate.net/publication/229161968_Spike-Timing-Dependent_Plasticity_A_Comprehensive_Overview
https://www.catonetworks.com/network-security/network-access-control/
https://www.catonetworks.com/network-security/network-access-control/
https://www.researchgate.net/publication/224163545_AWafer-Scale_Neuromorphic_Hardware_System_for_Large-Scale_Neural_Modeling
https://www.researchgate.net/publication/224163545_AWafer-Scale_Neuromorphic_Hardware_System_for_Large-Scale_Neural_Modeling
https://www.researchgate.net/publication/224163545_AWafer-Scale_Neuromorphic_Hardware_System_for_Large-Scale_Neural_Modeling
https://www.researchgate.net/publication/224163545_AWafer-Scale_Neuromorphic_Hardware_System_for_Large-Scale_Neural_Modeling
http://paulmerolla.com/merolla_main_som.pdf
http://paulmerolla.com/merolla_main_som.pdf
https://www.researchgate.net/publication/259986327_Dynamic_neural_fields_as_a_step_toward_cognitive_neuromorphic_architectures
https://www.researchgate.net/publication/259986327_Dynamic_neural_fields_as_a_step_toward_cognitive_neuromorphic_architectures
https://www.researchgate.net/publication/259986327_Dynamic_neural_fields_as_a_step_toward_cognitive_neuromorphic_architectures
https://www.researchgate.net/publication/317040195_A_Survey_of_Neuromorphic_Computing_and_Neural_Networks_in_Hardware
https://www.researchgate.net/publication/317040195_A_Survey_of_Neuromorphic_Computing_and_Neural_Networks_in_Hardware
https://www.researchgate.net/publication/317040195_A_Survey_of_Neuromorphic_Computing_and_Neural_Networks_in_Hardware

