
    
 

 

48 Page 48-61 © MANTECH PUBLICATIONS 2026. All Rights Reserved 

 

Journal of Advanced VLSI Architectures and Nanoelectronics 

Volume 2, Issue 1, January-April 2026 

ISSN: 3108-2351 (Online)  

 

 
Neuromorphic and Brain-Inspired VLSI Architectures 

 

Arun Prajapati 

Department of ECE 

Shree Sai Engineering College, Maharashtra, India 

Corresponding Author Email: Arunprajapati701@yahoo.com 

DOI: https://doi.org/10.5281/zenodo.19818257 

 

ABSTRACT 

Neuromorphic computing and brain-inspired VLSI architectures have emerged 

as promising approaches to overcome the limitations of conventional 

computing systems. By mimicking the structure and functionality of the human 

brain, these architectures aim to achieve low-power, high-speed, and fault-

tolerant computation. This review paper presents the recent developments in 

neuromorphic VLSI systems, including neuron and synapse circuit designs, 

spiking neural networks (SNNs), and memory-centric architectures. Various 

design challenges, such as scalability, device variability, and energy efficiency, 

are discussed. Furthermore, the paper highlights potential applications of 

neuromorphic systems in artificial intelligence, robotics, and edge computing. 

The survey also includes comparisons of different brain-inspired architectures 

and identifies key research directions for future work. 

 

KEYWORDS: Neuromorphic Computing, Brain-Inspired VLSI, Spiking Neural 

Networks, Low-Power Circuits, Synaptic Devices, Memristors 

 

INTRODUCTION 

In the last decade, the rapid growth of artificial intelligence (AI) and machine learning (ML) 

applications has created unprecedented demands on computing systems. Traditional von 

Neumann architectures face fundamental limitations due to the separation of memory and 

computation, leading to high energy consumption and latency. To address these challenges, 

neuromorphic computing—a paradigm inspired by the structure and function of biological 

brains—has gained considerable attention. 
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Neuromorphic architectures leverage spiking neural networks (SNNs) and event-driven 

computation, enabling efficient processing for tasks such as pattern recognition, sensory data 

processing, and real-time decision-making. Brain-inspired VLSI circuits attempt to emulate the 

dynamics of neurons and synapses using analog, digital, or hybrid designs. Such systems offer 

advantages in power efficiency, parallelism, and adaptability, making them suitable for edge 

devices and AI accelerators. 

 

This paper provides a comprehensive review of the current state-of-the-art in neuromorphic 

and brain-inspired VLSI architectures, covering design methodologies, neuron and synapse 

implementations, memory technologies, and future research directions. 

 

BACKGROUND: BRAIN-INSPIRED COMPUTING 

The human brain is an extraordinary computational organ. Despite performing highly complex 

cognitive tasks such as pattern recognition, decision-making, and sensory integration, it 

consumes only around 20 W of power — a fraction of the energy consumed by modern 

supercomputers performing analogous tasks. Understanding the principles underlying this 

efficiency has inspired the field of neuromorphic computing, which seeks to replicate the 

brain’s computational strategies in silicon. 

 

Key Features of Brain Computation 

1. Massive Parallelism 

 The brain contains roughly 86 billion neurons interconnected via trillions of synapses. 

 Each neuron can perform computations concurrently with many others, allowing highly 

parallel processing of information. 

 Unlike conventional von Neumann architectures, which process tasks sequentially, the 

brain’s parallelism enables rapid sensory integration and decision-making with minimal 

latency. 

 

2. Event-Driven Signaling 

 Neurons communicate using action potentials (spikes), which are discrete, all-or-none 

electrical events. 

 This communication is sparse and event-driven — neurons only fire when their input 

exceeds a threshold, reducing unnecessary energy consumption. 
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 This contrasts with traditional processors that continuously clock and move data, 

consuming energy even for idle operations. 

 

3. Memory-Compute Co-location 

 In the brain, synapses store information (weights) and simultaneously participate in 

computation, effectively merging memory and processing. 

 This eliminates the energy and time costs associated with moving data back and forth 

between separate memory and processing units, a key limitation in classical digital 

architectures (von Neumann bottleneck). 

 

NEUROMORPHIC COMPUTING PRINCIPLES 

Neuromorphic computing aims to emulate these brain-inspired mechanisms to achieve energy-

efficient, parallel, and adaptive computation. By designing circuits and architectures that mirror 

neural structures and dynamics, neuromorphic systems offer advantages in low-power AI, 

sensory processing, and adaptive robotics. 

 

Neuromorphic architectures can be categorized into three main types: 

1. Digital Neuromorphic Architectures 

 Implement neurons and synapses using digital logic circuits. 

 Advantages include robustness, programmability, and compatibility with existing 

digital design flows. 

 Examples: IBM TrueNorth and Intel Loihi, which use digital spiking neuron models to 

perform large-scale simulations efficiently. 

 

2. Analog Neuromorphic Architectures 

 Use analog circuits to emulate continuous-time neural dynamics. 

 By mimicking the natural currents and voltages of neurons, these architectures achieve very 

high energy efficiency, often orders of magnitude lower than digital implementations. 

 Challenges include device variability, noise sensitivity, and limited programmability. 

 

3. Hybrid Neuromorphic Architectures 

 Combine analog neuron/synapse circuits with digital control logic, aiming to leverage 

the energy efficiency of analog computation while retaining the flexibility of digital 
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systems. 

 This approach is particularly useful in scalable neuromorphic platforms that require both 

adaptive computation and programmability. 

 

NEURON AND SYNAPSE CIRCUITS IN VLSI 

Neuromorphic VLSI circuits aim to replicate the computational and dynamic behavior of 

biological neurons and synapses. This requires careful modeling of neuron spiking behavior 

and synaptic interactions, while balancing accuracy, area, and energy efficiency for large-

scale integration. 

 

1. Neuron Models 

Neuron circuits emulate the core functionality of biological neurons: integration of inputs, 

generation of spikes when a threshold is exceeded, and resetting after firing. In VLSI, two 

main neuron models are widely used: 

 

a) Leaky Integrate-and-Fire (LIF) Neuron 

Description: 

The LIF neuron is a simplified neuron model that captures essential spiking behavior without 

modeling all ionic mechanisms. 

 

Working Principle: 

 Inputs from synapses are summed as currents or voltages. 

 The neuron integrates these inputs over time into a membrane potential. 

 The potential decays ("leaky") gradually if no input is present. 

 When the potential crosses a threshold, the neuron emits a spike and the potential resets. 

 

Advantages in VLSI: 

 Hardware-friendly: Can be implemented using compact circuits with capacitors and 

transistors. 

 Energy-efficient: Low computational and switching overhead. 

 Scalable: Suitable for large neuromorphic arrays with millions of neurons. 

 Use Cases: Widely used in digital and mixed-signal neuromorphic processors like Intel 

Loihi for real-time spiking neural networks. 
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b) Hodgkin-Huxley (HH) Model 

Description: 

The HH model is a biophysically detailed neuron model that describes how ionic currents 

(Na⁺, K⁺) flow through membrane channels to generate action potentials. 

 

Working Principle: 

 Membrane potential is governed by a set of differential equations representing ion channel 

dynamics. 

 Generates realistic action potential shapes and allows modeling of complex behaviors 

like adaptation, bursting, and refractory periods. 

 

Advantages: 

 Highly accurate and suitable for neuroscience simulations and detailed biological studies. 

 Challenges in VLSI: 

 Complexity: Requires many transistors or multipliers to implement differential equations. 

 Power-intensive: Not practical for large-scale neuromorphic systems. 

 Area overhead: Each HH neuron consumes significantly more silicon area than LIF 

neurons. 

 

Table 1: Comparison of Neuron Models for VLSI 

Neuron 

Model 
Complexity 

Energy 

Efficiency 

Hardware 

Feasibility 
Typical Use Case 

LIF Low High Easy Large SNNs 

HH High Moderate Difficult 
Small-scale bio 

simulations 

Izhikevich Medium Moderate-High Moderate 
Pattern recognition & 

learning 

 

2. Synapse Implementations 

Synapses are the fundamental elements that mediate communication between neurons. In 

biological systems, synapses not only transmit signals but also store and adapt weights, 

enabling learning and memory. In VLSI neuromorphic circuits, synapses are implemented in  
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hardware to emulate these functions, balancing accuracy, scalability, and energy efficiency. 

 

a) Capacitor-Based Synapses 

Description: 

Synaptic weights are stored as analog voltages across capacitors. Input spikes cause voltage 

changes proportional to the weight, which then modulates the postsynaptic neuron. 

 

Advantages: 

 Simple to implement using standard CMOS circuits. 

 Low latency due to direct analog integration with the neuron. 

 

Limitations: 

 Leakage issues: Capacitors slowly discharge, leading to weight decay over time. 

 Limited scalability for large networks due to area constraints. 

 Precision is affected by device mismatch and noise. 

 

Applications: 

Small-scale analog SNN prototypes or educational neuromorphic chips. 

 

b) Resistive Devices (Memristors) 

Description: 

Memristors are non-volatile resistive devices whose resistance can be precisely tuned, 

representing synaptic weights. Spike-driven programming adjusts resistance, implementing 

plasticity mechanisms such as STDP (Spike-Timing Dependent Plasticity). 

 

Advantages: 

 Non-volatility: Weights are retained without power, reducing energy consumption. 

 High density: Nanoscale devices allow millions of synapses in a small area. 

 Analog weight storage: Supports fine-grained weight tuning for continuous learning. 

 Energy-efficient: Minimal power is required for both storage and spike transmission. 

 

Challenges: 

 Device variability and non-idealities may affect accuracy. 
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 Integration with CMOS neurons requires careful interfacing. 

 Endurance limits can affect long-term reliability. 

 

Applications: 

Large-scale Spiking Neural Networks (SNNs), neuromorphic processors, and hardware 

implementations of online learning algorithms. 

 

3. Digital SRAM Synapses 

Description: 

Synaptic weights are stored as digital values in SRAM cells and accessed by digital neurons 

during computation. 

 

Advantages: 

 High robustness against noise and variability. 

 Easily integrated with digital LIF neurons. 

 Supports flexible precision and reprogrammability. 

 

Limitations: 

 Higher area and power consumption compared to analog implementations. 

 Less efficient for extremely large networks due to scaling challenges. 

 

Applications: 

Digital neuromorphic chips like Intel Loihi, where programmability and precision are 

prioritized over ultra-low-power analog efficiency. 

 

4. Memristor-Based Synapses: The Rising Trend 

Memristor-based synapses are attracting significant attention in modern neuromorphic VLSI 

research due to several key benefits: 

 Analog weight storage enables finer learning resolution and smoother adaptation in SNNs. 

 High density allows integration of millions of synapses on a single chip. 

 Low power operation is critical for large-scale brain-inspired systems. 

 Compatibility with learning rules such as STDP makes them ideal for online, on-chip 

learning. 
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These characteristics make memristors a preferred choice for next-generation large-scale 

spiking neural network hardware, bridging the gap between biological realism and practical 

VLSI implementation. 

 

 

Figure 1: Basic Memristor Synapse Model 

 

NEUROMORPHIC VLSI ARCHITECTURES 

Neuromorphic VLSI architectures are designed to implement brain-inspired computation at the 

hardware level. They aim to replicate neuronal and synaptic dynamics while achieving high 

parallelism, low power, and scalability. Architectures can be broadly classified into digital, 

analog, and mixed-signal designs, each offering unique trade-offs in energy, precision, and 

programmability. 

 

1. Digital Neuromorphic Architectures 

Digital neuromorphic systems implement spiking neurons and synapses using digital logic 

circuits. These architectures exploit event-driven computation and massively parallel 

structures to achieve energy efficiency and scalability. 

 

Key Features: 

a) Event-Driven Computation: 

 Only neurons that receive sufficient input spikes become active, reducing energy wasted 

on idle processing. 

 Spike events are routed asynchronously through the network, minimizing redundant 

computations. 

 

b) Large-Scale Integration: 

 Millions of neurons and billions of synapses can be simulated on a single chip. 
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 Example: IBM TrueNorth integrates 1 million neurons and 256 million synapses, 

consuming only ~70 mW of power. 

 

c) Low Energy per Synaptic Event: 

 Energy efficiency is a hallmark; typically ~26 pJ per synaptic event in state-of-the-art 

digital chips. 

 Makes them suitable for battery-operated and edge devices. 

 

d) Applications: 

 Cognitive tasks such as pattern recognition, sensory processing, and real-time 

inference. 

 Edge AI devices, autonomous robots, and low-power vision systems. 

 

e) Notable Chips: 

 IBM TrueNorth: Digital spiking neuron cores with event-driven routing. 

 Intel Loihi: Digital LIF neurons with on-chip learning capabilities (STDP) and 

programmable synapses. 

 

2. Analog and Mixed-Signal Neuromorphic Architectures 

Analog and mixed-signal designs leverage continuous-time dynamics to mimic the graded 

potentials and ionic currents in biological neurons. 

 

a) Analog Architectures: 

 Low-Power Operation: 

 Analog circuits naturally compute integration and thresholding with minimal energy 

overhead. 

 Suitable for ultra-low-power, high-speed applications. 

 

 High-Speed Computation: 

 Continuous-time analog computation avoids clock cycles, allowing real-time signal 

processing. 

 Challenges: 

 Device Variations: Manufacturing differences can affect neuron/synapse behavior. 
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 Noise Sensitivity: Analog circuits are susceptible to thermal and environmental noise. 

 Limited Flexibility: Difficult to reprogram or scale precisely without hybrid 

assistance. 

 

b) Mixed-Signal (Hybrid) Architectures: 

 Combine analog computation for neuron/synapse dynamics with digital control and 

communication for programmability and robustness. 

 

 Advantages: 

 Leverage energy efficiency of analog circuits. 

 Use digital logic for precise configuration, learning rules, and routing. 

 Enable scalable, large-network implementations with reduced variability impact. 

 

 Applications: 

 Large-scale spiking neural networks for sensory-motor control, robotics, and 

adaptive AI systems. 

 Neuromorphic research chips exploring biologically realistic network behavior. 

 

 Notable Examples: 

 Mixed-signal research chips like BrainScaleS (analog neurons with digital control). 

 RAMP-based hybrid chips used for prototyping real-time learning systems. 

 

Table 2: Representative Neuromorphic Chips 

Chip Technology Neurons Synapses 
Power per Synaptic 

Event 

Architecture 

Type 

TrueNorth 28nm CMOS 1M 256M 26 pJ Digital 

Loihi 14nm CMOS 130K 130M 23 pJ Digital 

DYNAPs 65nm CMOS 
2K per 

core 

64K per 

core 
1.2 nJ Mixed-Signal 

BrainScaleS 
180nm 

CMOS 
200K 40M 0.5 nJ Analog 
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3. Memory-Centric Neuromorphic Architectures 

Conventional computing architectures separate memory and processing units, creating the 

well-known von Neumann bottleneck, where data transfer dominates energy consumption 

and latency. Inspired by the brain’s co-location of memory and computation at synapses, 

memory-centric neuromorphic architectures embed computation directly within memory 

arrays, enabling highly efficient neural processing. 

 

Key Principles 

1. Memory-Compute Co-Location: 

 In biological neurons, synapses store weights and perform computations simultaneously. 

 Memory-centric VLSI mimics this by performing arithmetic operations inside the 

memory arrays, rather than moving data to a separate processor. 

 This approach drastically reduces energy and increases throughput for neural network 

computations. 

 

2. Crossbar Arrays: 

 The most common implementation uses crossbar architectures with non-volatile resistive 

devices like memristors. 

 Structure: Rows represent input lines, columns represent output lines, and resistive 

devices at intersections encode synaptic weights. 

 Computation: 

 Input voltages are applied to rows. 

 Current through each column naturally performs matrix-vector multiplication via 

Ohm’s law and Kirchhoff’s current law. 

 This allows parallel, in-memory computation, a key operation in spiking neural 

networks (SNNs) and deep learning. 

 

3. Energy and Latency Advantages: 

 Data transfer between CPU and memory accounts for a significant fraction of total energy 

in traditional systems. 

 By computing within the memory, these architectures eliminate repeated data 

movement, achieving: 

 Orders-of-magnitude energy savings. 
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 Reduced latency for large-scale neural computations. 

 High throughput for parallel matrix operations, crucial for AI inference and training. 

 

4. Design Considerations: 

 Device Variability: Non-idealities in memristors or resistive devices can affect 

computation accuracy. 

 Programming and Weight Update: Writing synaptic weights requires precise control to 

implement learning rules (e.g., STDP). 

 Scalability: Crossbar arrays can be stacked in 3D to increase density, but careful routing 

and interconnect design are needed to manage signal integrity. 

 

5. Applications: 

 Large-scale Spiking Neural Networks (SNNs): Efficient simulation of millions of 

neurons and synapses. 

 Edge AI Accelerators: Low-power inference at the edge (IoT devices, autonomous 

sensors). 

 On-Chip Learning: Enables real-time weight updates and adaptation without moving data 

off-chip. 

 

 

Figure 2: Memristive Crossbar Array for Matrix-Vector Multiplication 

 

LEARNING MECHANISMS IN VLSI NEUROMORPHIC SYSTEMS 

1. Supervised Learning 

 Weights are adjusted based on error feedback. 

 Hardware-efficient algorithms include spike-based backpropagation. 
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2. Unsupervised Learning 

 Hebbian learning: “Neurons that fire together, wire together.” 

 Implemented efficiently using STDP in memristor synapses. 

 

3. Reinforcement Learning 

 Reward signals modify synaptic weights. 

 Suitable for real-time decision-making in robotics and control systems. 

 

APPLICATIONS OF BRAIN-INSPIRED VLSI 

1. Edge AI Devices: Low-power inference for IoT and wearable devices. 

2. Robotics: Real-time sensory processing and decision-making. 

3. Pattern Recognition: Image, speech, and gesture recognition using SNNs. 

4. Cognitive Computing: Brain-inspired reasoning, prediction, and anomaly detection. 

 

CHALLENGES AND RESEARCH DIRECTIONS 

 Scalability: Integrating millions of neurons and billions of synapses efficiently. 

 Device Variability: Analog devices like memristors are prone to process variation. 

 Energy Efficiency: Further reduction needed for large-scale deployment. 

 Algorithm-Hardware Co-Design: Optimizing SNN algorithms for hardware constraints. 

 Hybrid Architectures: Combining analog and digital benefits while minimizing 

complexity. 

 

CONCLUSION 

Neuromorphic and brain-inspired VLSI architectures represent a paradigm shift in computing, 

offering high parallelism, energy efficiency, and adaptability for AI applications. While digital 

implementations provide programmability and robustness, analog and hybrid designs promise 

extreme energy efficiency. Memristor-based synapses and memory-centric architectures are 

particularly promising for large-scale SNNs. Despite challenges in scalability, variability, and 

learning mechanisms, ongoing research continues to bridge the gap between brain-inspired 

computation and practical hardware deployment. These architectures have the potential to 

revolutionize edge AI, robotics, and cognitive computing. 
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