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Abstract: Spiking Neural Networks (SNNs) have emerged as a promising paradigm for biologically
inspired computing, offering advantages in energy efficiency, temporal processing, and event-driven
computation. As research advances, scaling SNNs to large networks remains a critical challenge,
requiring innovations in efficient training algorithms, neuromorphic hardware, and real-world deploy-
ment. This survey provides a comprehensive overview of large-scale SNNs, discussing state-of-the-art
neuron models, training methodologies, and hardware implementations. We explore key applications
in neuroscience, robotics, computer vision, and edge AI, highlighting the advantages and limitations
of SNN-based systems. Additionally, we identify open challenges in scalability, energy efficiency,
and learning mechanisms, outlining future research directions to bridge the gap between theory and
practice. By addressing these challenges, large-scale SNNs have the potential to revolutionize artificial
intelligence by providing more efficient, brain-inspired computation frameworks.

Keywords: Spiking Neural Networks; Large-scale SNNs; Neuromorphic Computing; Energy-efficient
AI; Brain-inspired Computing; Surrogate Gradient Learning; STDP; Neuromorphic Hardware; ANN-
to-SNN Conversion; Computational Neuroscience

1. Introduction
Spiking Neural Networks (SNNs) have emerged as a promising paradigm in artificial intelligence,

closely mimicking the biological mechanisms of the human brain [1]. Unlike traditional artificial
neural networks (ANNs), which process information using continuous activation functions, SNNs
operate with discrete spike-based computations, leading to more biologically plausible learning and
energy-efficient processing. This event-driven nature of SNNs makes them well-suited for low-power
applications, particularly in neuromorphic hardware designed to leverage their computational ef-
ficiency. Despite these advantages, scaling SNNs to large-scale deployments remains a significant
challenge due to issues in training stability, hardware constraints, and the lack of well-optimized
frameworks [2]. Recent advancements in neuromorphic computing and event-driven algorithms have
spurred interest in scaling SNNs for real-world applications, ranging from robotics and edge AI to
high-performance computing. Unlike deep learning models, which benefit from a well-established
ecosystem of optimization techniques and hardware accelerators, SNNs require fundamentally differ-
ent approaches to training, inference, and hardware integration [3]. The key obstacles in scaling SNNs
lie in the efficient implementation of spike-based learning rules, the development of robust training
methodologies, and the adaptation of existing hardware to accommodate the asynchronous nature of
spiking computations [4]. Addressing these challenges necessitates a comprehensive understanding
of both algorithmic and hardware-level constraints. One of the primary difficulties in large-scale
SNNs is the efficient representation and communication of spikes across deep architectures [5]. Unlike
ANNs, where information flows continuously through weight matrices, SNNs rely on sparse and
temporally distributed spike events, which introduce new challenges in memory access patterns and
computational overhead [6]. Existing approaches, such as surrogate gradient methods for training
SNNs with backpropagation, have shown promise in bridging the gap between SNNs and standard
deep learning frameworks. However, these methods often suffer from scalability issues, limiting
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their applicability to large-scale problems [7]. Moreover, the hardware landscape for SNNs is still
evolving [8]. While specialized neuromorphic processors such as Intel’s Loihi, IBM’s TrueNorth, and
BrainScaleS have demonstrated significant efficiency improvements over conventional deep learning
accelerators, their software ecosystems remain fragmented [9]. The lack of standardized programming
models and interoperability with mainstream deep learning frameworks hinders the widespread
adoption of SNNs. Additionally, mapping large-scale SNNs onto distributed neuromorphic hard-
ware remains a non-trivial problem, requiring novel strategies in spike communication, memory
management, and energy-efficient processing. Despite these challenges, the potential of large-scale
SNNs remains immense. The ability to perform event-driven computations with minimal energy
consumption makes them highly attractive for edge computing applications, where power constraints
are a critical factor. Furthermore, advances in biologically inspired learning algorithms, such as Heb-
bian learning, Spike-Timing-Dependent Plasticity (STDP), and reward-modulated learning, provide
new avenues for developing more efficient and scalable SNN architectures [10]. By leveraging these
techniques in combination with modern hardware accelerators, researchers can push the boundaries
of large-scale SNNs to new heights [11]. This survey aims to provide a comprehensive review of recent
advancements in large-scale SNNs, covering both theoretical and practical aspects [? ]. We begin by
discussing the fundamental principles of SNNs, highlighting their advantages over traditional deep
learning models [12]. We then explore various training methodologies, including biologically inspired
learning rules and backpropagation-based approaches [13]. Following this, we examine the role of
specialized neuromorphic hardware in enabling large-scale SNN deployments [14]. Finally, we outline
future research directions, identifying key challenges and opportunities for advancing the field. By
synthesizing insights from recent studies, this work serves as a foundation for researchers seeking to
develop scalable and efficient SNNs for real-world applications [15].

2. Fundamentals of Large-scale Spiking Neural Networks
Spiking Neural Networks (SNNs) differ from traditional artificial neural networks (ANNs) by

processing information through discrete spike events instead of continuous activation values [16]. This
section outlines the fundamental mathematical framework for SNNs, including neuron models, spike
propagation, and synaptic plasticity mechanisms that are critical for large-scale implementations [17].

2.1. Mathematical Model of Spiking Neurons

The core component of SNNs is the spiking neuron, which integrates incoming signals and
generates spikes when a certain threshold is reached [18]. One of the most widely used neuron models
is the Leaky Integrate-and-Fire (LIF) model, defined by the following differential equation:

τm
dV(t)

dt
= −(V(t)− Vrest) + RI(t), (1)

where:

• V(t) is the membrane potential at time t,
• Vrest is the resting membrane potential,
• R is the membrane resistance,
• I(t) is the input current,
• τm = RC is the membrane time constant, with C being the membrane capacitance [19].

A spike is generated when V(t) reaches a threshold Vth, after which the neuron undergoes a reset:

V(t) =

Vreset, if V(t) ≥ Vth,

V(t), otherwise.
(2)
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2.2. Spike Timing and Synaptic Plasticity

SNNs rely on temporal coding, where the precise timing of spikes carries information. A widely
used learning rule for SNNs is Spike-Timing-Dependent Plasticity (STDP), which updates synaptic
weights based on the relative timing of pre- and post-synaptic spikes [20]. The weight update is given
by:

∆w =

A+e−∆t/τ+ , if ∆t > 0,

−A−e∆t/τ− , if ∆t < 0,
(3)

where:

• ∆w is the change in synaptic weight,
• ∆t = tpost − tpre is the spike timing difference,
• A+ and A− are learning rate parameters,
• τ+ and τ− are time constants governing weight updates.

2.3. Comparison of Spiking Neuron Models

Table 1 presents a comparison of different spiking neuron models in terms of computational
complexity and biological realism.

Table 1. Comparison of different spiking neuron models based on complexity, biological realism, and computa-
tional cost.

Neuron Model Equation Complexity Biological Plausibility Computational Cost

Integrate-and-Fire (IF) Low Low Very Low

Leaky Integrate-and-Fire (LIF) Moderate Medium Low

Hodgkin-Huxley (HH) High High Very High

Izhikevich Model Moderate High Medium

Adaptive Exponential IF (AdEx) High High High

From this comparison, it is evident that the LIF model provides a balance between biological
plausibility and computational efficiency, making it suitable for large-scale SNNs [21].

2.4. Challenges in Scaling SNNs

Scaling SNNs to large networks involves addressing key challenges such as:

• Training Stability: The non-differentiability of spikes requires surrogate gradient techniques for
efficient training.

• Hardware Constraints: Neuromorphic processors need optimized spike communication mecha-
nisms.

• Energy Efficiency: Reducing redundant spike activity is crucial for deploying SNNs at scale.

In the next sections, we explore methods to overcome these challenges and develop scalable SNN
architectures.

3. Training Large-scale Spiking Neural Networks
Training Spiking Neural Networks (SNNs) at scale remains a fundamental challenge due to the

non-differentiability of spike events and the need for efficient learning rules [22]. Unlike standard
deep learning models that use backpropagation directly, SNNs require specialized training methods to
update synaptic weights effectively. This section discusses key approaches to training large-scale SNNs,
including surrogate gradient methods, biologically inspired learning rules, and hybrid optimization
techniques.
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3.1. Backpropagation in SNNs: Surrogate Gradient Methods

The primary difficulty in applying backpropagation to SNNs arises from the discontinuous nature
of spike generation, which prevents direct computation of gradients [23]. To circumvent this, surrogate
gradients approximate the non-differentiable spike function with a smooth function during training.
The standard spiking neuron activation can be represented as:

Si(t) = H(Vi(t)− Vth), (4)

where H(x) is the Heaviside step function:

H(x) =

1, x ≥ 0,

0, x < 0.
(5)

Since the derivative of H(x) is zero everywhere except at x = 0, where it is undefined, we replace
it with a surrogate function such as the sigmoid or piecewise linear function:

dH
dx

≈ σ(x) =
1

1 + e−βx , (6)

where β is a scaling factor controlling the sharpness of the approximation [24]. This allows gradient-
based optimization using standard backpropagation techniques.

3.2. Spike-Timing-Dependent Plasticity (STDP)

An alternative biologically inspired approach is Spike-Timing-Dependent Plasticity (STDP), which
adjusts synaptic weights based on the relative timing of pre- and post-synaptic spikes [25]. The STDP
rule is given by:

∆w =

A+e−∆t/τ+ , if ∆t > 0,

−A−e∆t/τ− , if ∆t < 0[27].
(7)

where:

• ∆w is the weight update,
• ∆t = tpost − tpre is the time difference between post- and pre-synaptic spikes,
• A+ and A− are learning rates for potentiation and depression,
• τ+ and τ− are decay time constants.

STDP has been successfully applied to unsupervised learning in SNNs, enabling feature extraction
and self-organization in neural networks.

3.3. Hybrid Learning Approaches

To leverage the strengths of both gradient-based optimization and biologically inspired learning,
hybrid methods combine backpropagation with STDP or reinforcement learning [26]. A common
approach is to use reward-modulated STDP (R-STDP), where synaptic weight updates are influenced
by a global reward signal:

∆w = ηR · STDP(∆t), (8)

where η is the learning rate and R is a reinforcement reward signal [27]. This enables adaptive
learning in reinforcement learning tasks while maintaining biological plausibility [28].

3.4. Comparison of Training Methods

Table 2 summarizes the key differences between these training methods in terms of scalability,
biological plausibility, and computational efficiency [29].
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Table 2. Comparison of different training methods for large-scale Spiking Neural Networks.

Training Method Scalability Biological Plausibility Computational Cost

Backpropagation with Surrogate Gradients High Low High

Spike-Timing-Dependent Plasticity (STDP) Moderate High Low

Reward-modulated STDP (R-STDP) Moderate High Medium

Hybrid (BP + STDP) High Medium Medium

3.5. Challenges in Training Large-Scale SNNs

Despite recent advances, training large-scale SNNs presents several challenges:

• Gradient Stability: Surrogate gradients can lead to vanishing or exploding gradients, requiring
careful tuning.

• Hardware Constraints: Implementing STDP or hybrid approaches efficiently on neuromorphic
hardware remains difficult [30].

• Scalability: Training large SNNs requires optimizing memory usage and reducing computational
overhead [31–33].

In the next section, we explore neuromorphic hardware solutions designed to overcome these
challenges and enable efficient large-scale SNN training.

4. Neuromorphic Hardware for Large-scale SNNs
Efficient deployment of large-scale Spiking Neural Networks (SNNs) requires specialized neu-

romorphic hardware that can leverage event-driven processing for energy efficiency [34]. Unlike
traditional von Neumann architectures, neuromorphic systems aim to mimic the brain’s parallel and
asynchronous processing. In this section, we explore key hardware architectures, computational
models, and challenges in designing scalable SNN hardware [35].

4.1. Neuromorphic Computing Paradigm

Neuromorphic hardware is designed to process spikes asynchronously, reducing energy consump-
tion compared to conventional deep learning accelerators [36]. The core principles of neuromorphic
computing include:

• Event-driven computation: Instead of continuous activations, computations occur only when
spikes are generated.

• In-memory processing: Memory and computation are tightly coupled, minimizing data move-
ment [37].

• Parallelism: Massive parallelism enables real-time processing with low power consumption [38].

A key metric for evaluating neuromorphic hardware is the energy-delay product (EDP), which
balances speed and efficiency:

EDP = E × D, (9)

where E is the energy consumption per spike and D is the processing delay per spike [39].

4.2. Comparison of Neuromorphic Architectures

Different neuromorphic hardware platforms have been developed, each with unique advantages
and constraints. Table 3 provides a comparison of prominent neuromorphic processors [40].
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Table 3. Comparison of leading neuromorphic hardware platforms in terms of neuron capacity, power efficiency,
and scalability.

Hardware Platform Technology Neuron Capacity Power Efficiency Scalability

IBM TrueNorth Digital 106 neurons High Moderate

Intel Loihi Digital 105 neurons Very High High

SpiNNaker Digital 106 neurons Moderate High

BrainScaleS Analog 104 neurons Low Low

Tianjic Hybrid 105 neurons High High

From the comparison, digital neuromorphic systems such as Intel Loihi and SpiNNaker provide
a balance between scalability and power efficiency, while BrainScaleS uses an analog approach but
suffers from limited scalability [41].

4.3. Mathematical Model for Neuromorphic Efficiency

To analyze the efficiency of neuromorphic hardware, we define the spiking throughput Ts as:

Ts =
Ns

tc
, (10)

where:

• Ns is the number of processed spikes per second,
• tc is the computation time per spike [42].

Similarly, the energy efficiency per spike Es is given by:

Es =
P
Ts

, (11)

where P is the power consumption of the neuromorphic processor. Optimizing these metrics is crucial
for real-world deployment of SNNs, particularly in edge computing and low-power AI applications
[43].

4.4. Challenges in Large-scale Neuromorphic Computing

Despite the advances in neuromorphic hardware, several challenges remain in scaling SNNs
efficiently:

• Memory Bottlenecks: Storing and accessing large synaptic weight matrices is costly in terms of
power and latency.

• Communication Overhead: Routing spike events across large-scale networks requires optimized
event-driven architectures [44].

• Hardware-software Co-design: Developing algorithms tailored for neuromorphic platforms is
necessary for achieving optimal performance [45].

Addressing these challenges requires further innovations in both hardware design and SNN
training algorithms [46].

4.5. Future Directions in Neuromorphic Hardware

To push the boundaries of large-scale SNNs, future research must focus on:

• 3D neuromorphic chips: Stacking memory and processing units vertically can reduce data
movement and improve efficiency [47].

• Hybrid analog-digital designs: Combining analog computation with digital precision can enhance
scalability [48].

• Brain-inspired learning mechanisms: Implementing efficient on-chip learning algorithms can
enable real-time adaptive systems.
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The next section explores emerging applications of large-scale SNNs and their impact on real-
world AI systems.

5. Applications of Large-Scale Spiking Neural Networks
Spiking Neural Networks (SNNs) have demonstrated significant potential across various domains,

particularly in scenarios requiring real-time, low-power, and event-driven processing. This section
explores key applications of large-scale SNNs in neuroscience, robotics, computer vision, and edge AI
[49].

5.1. Neuroscientific Modeling and Brain Simulation

One of the most fundamental applications of large-scale SNNs is in brain simulation and com-
putational neuroscience. Unlike traditional artificial neural networks, SNNs closely mimic neuronal
dynamics, enabling researchers to study large-scale brain models. Notable projects include:

• The Blue Brain Project, which simulates cortical microcircuits using biologically detailed SNNs
[50].

• The Human Brain Project, leveraging neuromorphic computing to understand large-scale brain
dynamics [51].

A key measure in brain simulation is synaptic connectivity efficiency, defined as:

Ceff =
Nsyn

N2
neur

, (12)

where:

• Nsyn is the total number of synapses,
• Nneur is the number of neurons.

For biologically realistic networks, sparse connectivity (low Ceff) is preferred to achieve efficient
large-scale simulations.

5.2. Event-Driven Perception in Robotics

SNNs provide a natural framework for processing event-driven sensory data, making them ideal
for robotic applications [52]. Event-based sensors such as Dynamic Vision Sensors (DVS) and spike-
based tactile sensors generate sparse, time-dependent signals, which align well with SNN processing
[53]. A key performance metric in robotic perception is the latency-energy tradeoff, given by:

L =
E
Ts

, (13)

where:

• L is the latency per event,
• E is the energy consumption per event,
• Ts is the spiking throughput [54].

Lower values of L indicate better real-time performance, making SNNs highly suitable for power-
constrained robotic systems.

5.3. Neuromorphic Computer Vision

Traditional deep learning models for vision rely on dense computations, while SNN-based vision
models leverage spike-based feature extraction for energy efficiency. Some notable applications
include:

• Object recognition with neuromorphic cameras, where SNNs process event streams instead of
raw pixel data [55].

• Gesture and motion recognition, using bio-inspired SNN architectures [56].
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Table 4 provides a comparison between traditional and SNN-based vision systems [57].

Table 4. Comparison of traditional CNN-based and SNN-based vision systems.

Vision System Energy Consumption Processing Speed Data Representation

CNN-based Vision High Moderate Frame-based

SNN-based Vision Low High Event-based

5.4. Edge AI and Low-Power IoT Devices

SNNs are increasingly deployed in edge AI systems, where power efficiency is critical [58–60].
Examples include:

• Always-on wake-up detectors, where SNNs process low-power auditory or visual signals [61].
• Energy-efficient speech recognition, leveraging spike-based audio processing.

For such systems, power efficiency per inference is a crucial metric:

Pinf =
Einf

Nspikes
, (14)

where:

• Pinf is the power consumption per inference,
• Einf is the total energy per inference,
• Nspikes is the number of spikes generated per inference [62].

Optimizing Pinf ensures that SNN-based edge AI models outperform traditional deep learning
models in power-constrained environments [63].

5.5. Future Prospects and Open Challenges

While large-scale SNNs have demonstrated strong potential, several challenges remain:

• Scalability in real-world applications: Deploying SNNs beyond simulations requires further
hardware and algorithmic optimizations [64].

• Algorithm-hardware co-design: Efficient neuromorphic processing demands synergy between
SNN models and specialized neuromorphic hardware [65].

• Data-driven learning in SNNs: While SNNs excel in unsupervised learning (e.g., STDP), super-
vised and reinforcement learning methods remain underdeveloped [66].

Addressing these challenges will be crucial for realizing the full potential of large-scale SNNs in
practical AI applications. The next section discusses future research directions and key innovations
needed to advance scalable SNN technology [67].

6. Future Research Directions and Open Challenges
Despite significant progress in large-scale Spiking Neural Networks (SNNs), several key chal-

lenges remain before they can achieve widespread adoption across AI and neuromorphic computing
[68]. This section explores future research directions in model optimization, hardware efficiency,
learning algorithms, and real-world deployment [69].

6.1. Scalable Training Algorithms for Large-Scale SNNs

Training large-scale SNNs remains an open challenge due to the non-differentiability of spike
events [70]. Current approaches include:

• Surrogate Gradient Methods: Approximate the derivative of the spiking function to enable
backpropagation [71].

• Spike-Timing-Dependent Plasticity (STDP): A biologically inspired unsupervised learning rule
[72].
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• Hybrid ANN-to-SNN Conversion: Train deep artificial neural networks (ANNs) and convert
them into SNNs [73].

A key metric for evaluating training efficiency is the gradient approximation error ϵgrad, defined
as:

ϵgrad =

∣∣∣∣ ∂L
∂Vm

− ∂L̃
∂Vm

∣∣∣∣, (15)

where:

• L is the true loss function [32].
• L̃ is the surrogate loss function.
• Vm is the membrane potential of the neuron.

Minimizing ϵgrad is crucial for improving the accuracy of gradient-based training methods [74].

6.2. Optimizing SNN Energy Efficiency

Neuromorphic hardware aims to maximize energy efficiency by leveraging sparse event-driven
computation [75]. A key efficiency metric is spiking sparsity, given by:

S = 1 − Nactive

Ntotal
, (16)

where:

• Nactive is the number of active neurons per inference.
• Ntotal is the total number of neurons.

High values of S indicate energy-efficient networks, as fewer neurons participate in computation
[76]. Table 5 compares different energy-efficient training approaches for SNNs.

Table 5. Comparison of different training approaches for energy-efficient large-scale SNNs.

Training Method Computational Cost Energy Efficiency Scalability

Backpropagation with Surrogate Gradients High Moderate Low

STDP-based Learning Low High Medium

ANN-to-SNN Conversion Moderate High High

Reinforcement Learning in SNNs High Low Low

6.3. Scalability of Neuromorphic Hardware

As SNN models grow in scale, efficient neuromorphic hardware is necessary to support real-world
deployment. Key challenges in neuromorphic hardware include:

• Memory Bottlenecks: Storing and accessing large-scale synaptic weight matrices [77].
• Interconnect Overhead: Routing spikes efficiently across hardware units.
• Real-time Adaptability: Enabling on-chip learning and self-organization [78].

To analyze hardware scalability, we define the synaptic storage requirement as:

Msyn = Nsyn × bsyn, (17)

where:

• Msyn is the total synaptic memory [79].
• Nsyn is the number of synapses.
• bsyn is the memory required per synapse [80].

Future neuromorphic hardware should minimize Msyn while maintaining computational accu-
racy.
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6.4. Bridging the Gap Between Theory and Real-world Applications

Despite theoretical advancements, real-world deployment of SNNs is still limited [81]. To bridge
this gap, research should focus on:

• Neuromorphic chips for embedded systems: Low-power SNNs for IoT and edge computing [82].
• Spike-based deep learning: Hybrid models that integrate SNNs with deep learning architectures.
• Standardized SNN frameworks: Developing software tools for easy deployment across neuro-

morphic hardware [83].

6.5. Conclusion

Large-scale SNNs represent a promising frontier in AI, combining energy efficiency with bio-
logically inspired computation [84]. However, significant research is required to improve scalability,
learning efficiency, and real-world applicability [85]. Future work should focus on:

• Developing better training algorithms for deep SNN architectures [86].
• Enhancing neuromorphic hardware to support large-scale SNN deployments [87].
• Expanding real-world applications in robotics, vision, and brain-computer interfaces [88].

Advancing these directions will be crucial for realizing the full potential of large-scale SNNs in AI
and neuromorphic computing [89].

7. Conclusion
Large-scale Spiking Neural Networks (SNNs) offer a biologically inspired alternative to traditional

deep learning approaches, with advantages in energy efficiency, real-time processing, and event-driven
computation [90]. This survey has provided a comprehensive overview of the state-of-the-art in
large-scale SNNs, covering key applications, training methodologies, hardware architectures, and
open challenges [91].

7.1. Key Takeaways

From our analysis, several critical insights emerge:

• Scalability remains a primary challenge [92]. While SNNs have demonstrated success in small to
mid-scale models, training and deploying large-scale SNNs efficiently remains an open problem
[93].

• Neuromorphic hardware is crucial [94]. Specialized hardware such as Loihi and SpiNNaker
have enabled SNN acceleration, but further optimizations in power efficiency and memory
management are needed [95].

• Hybrid learning approaches show promise. ANN-to-SNN conversion and surrogate gradient
methods have improved training performance, but fully unlocking the potential of SNNs requires
novel biologically plausible learning rules [96].

• Real-world applications are emerging [97]. From brain simulation to edge AI, SNNs have
demonstrated compelling use cases, though widespread deployment is still in its early stages [98].

7.2. Future Outlook

To realize the full potential of large-scale SNNs, future research should focus on:

• Enhancing training algorithms to improve convergence and accuracy in deep SNN architectures
[99].

• Developing energy-efficient neuromorphic hardware capable of scaling up SNN computations
[100].

• Bridging the gap between SNN theory and practice by integrating them into mainstream AI
applications [101].
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With continued advancements in algorithms, hardware, and real-world implementations, large-
scale SNNs have the potential to revolutionize AI by providing energy-efficient and biologically
inspired computation frameworks.
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