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Abstract

Spiking Neural Networks (SNNs) constitute a biologically inspired class of artificial neural networks
that encode and process information using discrete spike events over time, mimicking the fundamental
communication mechanism of the brain. In recent years, while deep learning and large language
models (LLMs) have achieved remarkable breakthroughs across a wide spectrum of tasks, SNNs have
garnered renewed attention for their unique advantages in energy efficiency, temporal processing,
and event-driven computation. This survey provides a comprehensive and detailed examination of
SNNs within the contemporary context shaped by the dominance of LLMs and traditional deep neural
networks. We begin by elucidating the fundamental concepts underpinning SNNs, including diverse
neuron models, spike encoding schemes, synaptic plasticity mechanisms, and canonical network
architectures. The discussion then progresses to an in-depth analysis of training methodologies, high-
lighting the inherent challenges due to the non-differentiable nature of spikes and surveying state-of-
the-art approaches such as surrogate gradient learning, biologically inspired local plasticity rules, and
ANN-to-SNN conversion techniques. A thorough overview of neuromorphic hardware platforms is
presented, showcasing how their event-driven, massively parallel designs enable orders-of-magnitude
improvements in energy consumption compared to conventional von Neumann architectures that
support LLMs. We also explore the breadth of practical applications where SNNs demonstrate distinct
advantages, ranging from real-time sensory processing and robotics to brain-machine interfaces, as
well as emerging hybrid models that integrate spiking dynamics with transformer-based language
models. Finally, we identify and discuss critical open challenges and promising future directions,
including scalable training algorithms, hardware-software co-design, standardization efforts, and
interdisciplinary collaborations that are crucial to advancing the field. By situating SNNs in the era
of large language models, this survey aims to provide a holistic understanding of their current state,
synergistic potential, and transformative prospects, ultimately contributing to the development of
more efficient, adaptive, and biologically plausible artificial intelligence systems.

Keywords: spiking neural networks; neuromorphic computing; energy efficiency; surrogate gradient;
STDP; event-driven computation; ANN-to-SNN conversion; temporal coding; low-power Al; bio-
inspired learning

1. Introduction

Spiking Neural Networks (SNNs) have emerged as a biologically inspired paradigm of artificial
neural computation, aiming to closely mimic the dynamics and information processing mechanisms
of the human brain [1]. Unlike traditional artificial neural networks (ANNSs) which operate on
continuous-valued activations and rely heavily on synchronous computations, SNNs leverage discrete
spike events and temporal coding to process information in a sparse, event-driven, and highly efficient
manner. This fundamental difference not only offers a more faithful model of neural processing
but also presents unique opportunities for developing energy-efficient neuromorphic hardware and
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advancing our understanding of cognitive functions. The concept of SNNss is rooted in neuroscience,
where neurons communicate through discrete electrical impulses known as action potentials or spikes
[2]. The timing and patterns of these spikes encode and transmit information, enabling complex
sensory processing, motor control, and cognitive functions in biological systems [3]. Inspired by these
biological principles, SNNs incorporate temporal dynamics, membrane potentials, and threshold-
based firing mechanisms to replicate the spike-driven communication between neurons [4]. Over
the past decades, research in SNNs has advanced steadily, focusing on developing effective neuron
models, learning algorithms, and hardware implementations that harness the advantages of spiking
computation. However, the landscape of artificial intelligence and neural computation has witnessed a
dramatic transformation with the advent and widespread success of large language models (LLMs).
These models, typified by architectures such as Transformers, have revolutionized natural language
processing (NLP), computer vision, and multimodal learning through their remarkable ability to scale
and learn from massive datasets. LLMs have demonstrated unprecedented capabilities in generating
coherent text, understanding context, and performing a wide range of tasks with minimal fine-tuning,
setting new benchmarks for Al performance. Their dominance has naturally shifted much of the
research focus and industrial applications toward ANN-based deep learning approaches, which are
well-suited to the highly parallel and dense matrix operations that modern hardware accelerates. In
this new era dominated by LLMs and deep learning, it becomes crucial to revisit and re-evaluate the
role and potential of SNNs [5]. While ANNs and LLMs excel in domains demanding vast amounts of
data and computational power, they often suffer from inefficiencies related to energy consumption,
interpretability, and biological plausibility. SNNs, with their sparse, asynchronous, and event-driven
processing, offer a complementary approach that could address some of these limitations, especially in
resource-constrained environments such as edge computing, robotics, and neuromorphic platforms [6].
Moreover, the integration of temporal dynamics and spike-based learning can potentially provide richer
representations and improved robustness, qualities that remain challenging for conventional deep
learning models. Despite these promising attributes, SNNs face significant challenges in achieving the
same level of performance and scalability as LLMs [7]. The lack of standardized and effective training
algorithms, difficulties in backpropagating errors through discrete spike events, and limited availability
of large-scale spiking datasets have hindered the widespread adoption of SNNs. Furthermore, the gap
between neuroscientific realism and computational practicality continues to fuel debates on the best
ways to model spiking neurons and their networks. Recent advances in surrogate gradient methods,
spike-based backpropagation, and hybrid models combining spiking and non-spiking neurons have
started to bridge this gap, suggesting new directions for research and application. This survey aims
to provide a comprehensive overview of Spiking Neural Networks in the context of the current Al
paradigm shaped by large language models. We explore the historical development of SNNSs, their
fundamental principles, and biological inspirations, alongside a detailed examination of state-of-the-art
architectures, learning techniques, and neuromorphic hardware implementations [8]. Additionally, we
analyze the interplay between SNNs and LLMs, investigating how spiking models can complement or
integrate with large-scale transformer architectures and other deep learning frameworks [9]. Through
this lens, we assess the strengths, limitations, and future prospects of SNNs as a viable and valuable
approach within the broader Al ecosystem [10]. By bridging the worlds of biologically inspired
spiking computation and data-driven large language models, this survey endeavors to inspire new
research that harnesses the best of both paradigms [11]. As Al continues to evolve, understanding and
leveraging the unique capabilities of SNNs in tandem with the powerful representational capacities
of LLMs will be essential for creating intelligent systems that are not only effective but also efficient,
interpretable, and adaptable across diverse applications and platforms.

2. Background and Motivation

The study of Spiking Neural Networks (SNNs) traces its origins to early computational neuro-
science and the quest to model biological neural processes with greater fidelity than traditional artificial
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neural networks (ANNs) [12]. Unlike ANNs, which typically use continuous activation functions and
operate in discrete time steps, SNNs employ discrete spikes—binary events occurring at precise points
in time—to communicate information. This event-driven mechanism aligns closely with how real
neurons function, firing action potentials when their membrane potentials reach certain thresholds.
The temporal dimension of spiking activity introduces a rich dynamic for encoding and processing in-
formation, encompassing not only spike counts but also spike timing and patterns [13]. The motivation
behind SNNs is multifold. First, biological plausibility: capturing the essence of neural computation
observed in living brains holds promise for understanding cognition and neural coding principles [14].
Second, energy efficiency: the sparse and asynchronous nature of spike-based communication can
drastically reduce computational overhead and power consumption, which is critical for embedded
systems, wearable devices, and autonomous agents operating in energy-constrained environments.
Third, robustness and adaptability: SNNs have the potential to exploit temporal features of data
more naturally and adapt dynamically to changing inputs through plasticity mechanisms inspired by
synaptic learning rules in the brain [15]. Historically, the main challenge for SNNs has been developing
efficient and scalable training algorithms [16]. The discrete, non-differentiable nature of spike events
renders the application of conventional gradient-based methods difficult [17]. Early approaches relied
on biologically inspired learning rules such as Spike-Timing Dependent Plasticity (STDP), which
adjusts synaptic weights based on the relative timing of pre- and post-synaptic spikes. While STDP
and similar rules provide a foundation for unsupervised and reinforcement learning in SNNs, they
have limited applicability in complex supervised learning tasks that require optimizing large networks
with millions or billions of parameters [18]. The rise of deep learning and particularly the dominance
of large language models (LLMs) have brought new perspectives to neural computation. LLMs utilize
dense, layered architectures such as Transformers to process vast corpora of data, achieving excep-
tional results in language understanding, generation, and reasoning. Their success has been fueled
by advances in algorithmic design, massive parallelization on GPUs and TPUs, and availability of
extensive datasets. However, the computation in LLMs is inherently synchronous, power-hungry, and
lacks direct temporal dynamics analogous to biological spiking neurons. This contrast sets the stage for
re-examining SNNs under the lens of modern Al research [19]. The surge of interest in neuromorphic
hardware—devices designed to mimic the architecture and dynamics of biological brains—reflects a
growing demand for Al systems that combine efficiency, adaptability, and real-time processing [20].
SNNss are ideally suited for deployment on such platforms due to their event-driven nature. Addition-
ally, integrating spiking mechanisms into hybrid models or leveraging temporal coding strategies may
enhance the expressiveness and generalization capabilities of Al models beyond what is achievable
with traditional LLM architectures alone [21]. In this section, we provide an in-depth background
on the fundamental concepts underlying SNNs, tracing their evolution from biological neurons to
computational models [22]. We discuss key neuron models such as the Leaky Integrate-and-Fire (LIF)
and Hodgkin-Huxley models, highlight classical learning rules, and outline the main challenges that
have limited their practical adoption [23]. Furthermore, we contextualize these developments within
the current Al landscape dominated by LLMs, emphasizing why revisiting SNNs now is both timely
and necessary. Ultimately, understanding this background is critical for appreciating the motivations
behind ongoing research efforts aimed at bridging the gap between SNNs and deep learning, and
for identifying potential synergies that can drive the next generation of intelligent systems. This
foundation also sets the stage for subsequent sections, which delve into contemporary architectures,
training methodologies, and hardware platforms that enable SNNs to coexist and potentially integrate
with the large-scale models shaping modern AL

3. Fundamental Concepts of Spiking Neural Networks

Spiking Neural Networks (SNNs) represent a paradigm shift in artificial neural computation,
emphasizing temporal dynamics and discrete event-based communication rather than continuous acti-
vation levels [24]. This section provides a detailed exploration of the core concepts that underpin SNNs,
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including neuron models, spike encoding schemes, synaptic dynamics, and network architectures.
Understanding these fundamentals is essential for grasping the unique capabilities and challenges
associated with SNNSs, especially in the context of their evolving role alongside large language models
(LLMs) [25].

3.1. Biological Inspiration and Neuron Models

The foundation of SNNs lies in the biological neuron, which transmits information via action
potentials or spikes [26]. When a neuron’s membrane potential crosses a critical threshold, it emits
a spike that propagates to connected neurons through synapses. This discrete signaling mechanism
contrasts with the continuous activation functions used in conventional ANNSs and enables temporal
coding of information [27]. To model this behavior, various spiking neuron models have been proposed,
balancing biological realism with computational tractability [28]. The most commonly used models
include:

e Leaky Integrate-and-Fire (LIF) Model: A simplified yet effective neuron model where the
membrane potential integrates incoming spikes with leakage over time [29]. When the potential
exceeds a threshold, the neuron fires a spike and resets its potential. Its mathematical simplicity
has made it a staple in SNN research and hardware implementations.

e Hodgkin-Huxley Model: A biophysically detailed model that describes ion channel dynamics
responsible for action potential generation [30]. Although highly accurate, its complexity limits
its use primarily to neuroscientific simulations rather than large-scale SNNs.

e Izhikevich Model: Combines biological plausibility and computational efficiency by approxi-
mating various spiking and bursting patterns observed in real neurons [31]. It is widely used for
capturing diverse neuronal dynamics with reduced computational cost.

3.2. Spike Encoding and Temporal Coding

Information in SNNs is represented by the timing and patterns of spikes rather than static values
[32]. Encoding continuous or high-dimensional data into spike trains is a critical step, and several
strategies have been developed:

¢ Rate Coding: Represents information by the firing rate (spikes per unit time) of neurons, analo-
gous to the average activity level in traditional ANNs [33].

* Temporal Coding: Uses precise spike timing to convey information, such as the latency of the
first spike or relative timing between spikes, enabling more compact and efficient representations.

¢  Population Coding: Distributes information across groups of neurons where the collective spiking
pattern encodes stimulus attributes, enhancing robustness and expressiveness [34].

Each encoding scheme has trade-offs in terms of biological plausibility, information capacity, and
computational complexity [35].

3.3. Synaptic Dynamics and Plasticity

Synapses in SNNs are modeled as dynamic entities that modulate the strength and timing of
spike transmission between neurons. Synaptic weights govern how incoming spikes influence the
postsynaptic neuron’s membrane potential [36]. Beyond static weights, synaptic plasticity mechanisms
enable learning by adapting these weights based on activity patterns [37]. Key plasticity rules include:

*  Spike-Timing Dependent Plasticity (STDP): A biologically inspired rule where synaptic strength
is adjusted depending on the temporal order and interval between pre- and postsynaptic spikes,
reinforcing causally linked spikes.

¢  Hebbian Learning: Synapses are strengthened when pre- and postsynaptic neurons fire together,
embodying the principle that “neurons that fire together wire together.”

¢  Homeostatic Plasticity: Mechanisms that stabilize neural activity by adjusting synaptic strengths
to maintain balanced firing rates.
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These plasticity rules contribute to the network’s ability to learn and adapt in both supervised
and unsupervised contexts [38].

3.4. Network Architectures

SNN architectures range from simple feedforward networks to complex recurrent and convolu-
tional structures [39]. Some architectures mirror those in deep learning, adapted for spiking neurons,
including:

*  Feedforward SNNs: Basic layered networks where spikes propagate forward, suitable for pattern
recognition tasks.

*  Recurrent SNNs: Incorporate feedback loops enabling temporal memory and dynamic behavior,
crucial for sequence processing and temporal pattern recognition [40].

e  Convolutional SNNs: Adapt convolutional operations to spike-based signals, enabling spatial
feature extraction similar to CNNs in ANNS.

* Reservoir Computing and Liquid State Machines: Utilize randomly connected recurrent net-
works with readout layers trained separately, leveraging the dynamic states of the reservoir.

Each architecture offers distinct advantages depending on the application domain and computa-
tional constraints [41].

3.5. Summary

The fundamental concepts of SNNs highlight a unique computational framework that blends
temporal dynamics, event-driven processing, and biologically inspired learning. These features enable
energy-efficient, robust, and adaptive neural computation, setting SNNs apart from traditional ANN-
based methods, including the dominant LLMs [42]. However, the increased complexity in modeling
and training SNNs also introduces significant challenges that have shaped research directions [43].
Understanding these foundational elements provides a necessary context for appreciating the advances
and innovations discussed in subsequent sections of this survey [44].

4. Training Algorithms for Spiking Neural Networks

Training Spiking Neural Networks (SNNs) effectively remains one of the most critical and chal-
lenging areas in the field, especially when contrasted with the well-established backpropagation
techniques that have propelled the success of large language models (LLMs) and other deep learning
architectures. This section provides a comprehensive overview of the various learning algorithms
developed for SNNSs, addressing their theoretical foundations, practical implementations, and current
limitations [45].

4.1. Challenges in Training SNNs

A central difficulty in training SNNs arises from the discrete, non-differentiable nature of spike
events [46]. Unlike conventional artificial neurons that produce continuous outputs amenable to
gradient-based optimization, spiking neurons emit binary spikes at specific time points [47]. This
discontinuity prevents straightforward application of gradient descent and backpropagation through
time (BPTT), which underpin most state-of-the-art deep learning methods. Additionally, the tempo-
ral dynamics and recurrent connections common in SNNs introduce further complexity, requiring
algorithms to handle time-dependent variables and long-range dependencies efficiently [48]. These
challenges have led to the exploration of alternative training paradigms and adaptations of traditional
learning techniques.

4.2. Spike-Timing Dependent Plasticity (STDP)

One of the earliest and most biologically plausible learning rules is Spike-Timing Dependent
Plasticity (STDP) [49]. STDP modulates synaptic weights based on the relative timing between pre- and
postsynaptic spikes: if a presynaptic spike precedes a postsynaptic spike within a certain time window,
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the synapse is potentiated; if the order is reversed, the synapse is depressed [50]. This temporally
asymmetric Hebbian learning rule enables networks to self-organize and detect temporal correlations
in input data. Although STDP and its variants have demonstrated success in unsupervised feature
learning and associative memory tasks, they are less suited for large-scale supervised learning due to
their local and unsupervised nature [51]. Researchers have attempted to extend STDP by combining it
with global reward signals or hybrid frameworks, yet it remains difficult to scale these approaches to
complex datasets and tasks [52].

4.3. Surrogate Gradient Methods

Surrogate gradient methods have recently emerged as a powerful approach to circumvent the
non-differentiability of spike generation. These methods approximate the gradient of the spiking
function with a smooth surrogate during backpropagation, enabling the use of gradient descent and
backpropagation through time (BPTT) to train deep SNNs [53]. By replacing the hard threshold with a
differentiable proxy (e.g., a sigmoid or piecewise-linear function) during the backward pass, surrogate
gradients allow error signals to flow through spike events, facilitating end-to-end supervised learning
[54]. This approach has enabled SNNs to achieve competitive performance on image recognition,
speech processing, and reinforcement learning tasks. However, surrogate gradient methods often
require careful tuning of surrogate functions and hyperparameters, and the temporal credit assignment
problem remains challenging for long sequences [55].

4.4. Conversion from Pretrained ANNs

Another practical strategy is ANN-to-SNN conversion, where a conventional trained artificial
neural network is transformed into an equivalent SNN [56]. By mapping activation values to firing
rates and adjusting thresholds, this approach leverages the performance of mature ANN models
while gaining the energy efficiency and event-driven benefits of spiking computation [57]. Conversion
methods have been effective in image classification tasks using convolutional networks but face
challenges in temporal and sequential domains, as well as in handling temporal coding schemes
beyond rate coding [58].

4.5. Other Learning Paradigms

Additional approaches include reinforcement learning, evolutionary algorithms, and local learn-
ing rules tailored to specific tasks or hardware constraints [59]. These methods explore alternative
avenues for training SNNs when gradient-based techniques are not feasible or efficient [60].

4.6. Summary and Outlook

While no single training method currently dominates SNN learning as backpropagation does
for LLMs, advances in surrogate gradients and hybrid training methods have significantly narrowed
the performance gap. Continued research into scalable, biologically plausible, and hardware-friendly
learning algorithms is crucial to unlocking the full potential of SNNs. Integrating insights from
neuroscience, machine learning, and neuromorphic engineering will likely drive the development of
novel training frameworks capable of synergizing with, or complementing, the capabilities of large
language models in the future.

5. Neuromorphic Hardware and Computational Efficiency

A defining promise of Spiking Neural Networks (SNNs) lies in their potential to dramatically
improve computational efficiency and energy consumption compared to traditional artificial neural
networks (ANNSs), especially large-scale models such as large language models (LLMs). This section
explores the advances in neuromorphic hardware designed specifically to leverage the sparse, event-
driven nature of SNNs, and discusses how such platforms contrast with conventional hardware
optimized for dense matrix operations typical of LLMs [61].
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5.1. Principles of Neuromorphic Computing

Neuromorphic computing architectures are inspired by the brain’s structure and operational prin-
ciples, aiming to emulate neural processing through massively parallel, distributed, and asynchronous
computation [62]. These systems implement spiking neurons and synapses directly in hardware,
enabling them to operate with low latency and high energy efficiency by processing information only
when spikes occur, rather than continuously [63]. Key principles include:

¢  Event-driven Processing: Computation and communication happen only on spike events, reduc-
ing idle cycles and unnecessary power usage.

*  Local Memory and Computation: Mimicking biological neurons, memory and processing units
are colocated, alleviating the von Neumann bottleneck common in traditional architectures [64].

*  Massive Parallelism: Large numbers of neurons and synapses operate simultaneously, enabling
real-time processing of complex sensory data [65].

5.2. Notable Neuromorphic Platforms

Several neuromorphic hardware platforms have been developed to harness the advantages of
SNN:

e  IBM TrueNorth: Featuring over one million spiking neurons and 256 million synapses, TrueNorth
uses a manycore architecture with event-driven communication, achieving orders of magnitude
reduction in power consumption compared to GPUs.

¢ Intel Loihi: A programmable neuromorphic chip supporting on-chip learning through spike-
based plasticity rules, Loihi facilitates real-time adaptive systems and has been applied in robotics
and sensory processing.

¢ SpiNNaker: Designed as a massively parallel digital computer mimicking neural architectures,
SpiNNaker supports large-scale SNN simulations with high flexibility but uses traditional proces-
sors [66].

*  BrainScaleS: An analog neuromorphic platform that exploits the physical properties of electronic
circuits to emulate neural dynamics at accelerated timescales [67].

Each platform offers distinct trade-offs in programmability, scalability, precision, and power
efficiency, reflecting diverse approaches to neuromorphic design [68].

5.3. Energy Efficiency and Performance Comparisons

Neuromorphic hardware demonstrates significant reductions in energy consumption—often
by several orders of magnitude—compared to GPUs and TPUs running conventional deep learning
workloads [69]. This efficiency stems from the sparse, asynchronous spike-driven computations that
avoid continuous floating-point operations. However, these gains come with limitations such as
lower precision, limited memory capacity, and challenges in mapping complex architectures like large
transformers directly onto neuromorphic substrates. The maturity of software toolchains, training
algorithms, and integration with existing Al frameworks also remains a bottleneck.

5.4. Challenges and Opportunities in Integrating with LLMs

Large language models require massive computational resources and benefit from highly opti-
mized dense matrix multiplications on traditional hardware [70]. Bridging SNNs and neuromorphic
computing with LLM-scale workloads is an open challenge. Promising research directions include:

¢  Hybrid Architectures: Combining spiking layers with conventional ANN components to leverage
efficiency without sacrificing performance [71].

¢  Event-driven Transformers: Developing spike-based approximations of transformer architectures
to exploit temporal sparsity.

e  Algorithm-Hardware Co-design: Tailoring training algorithms and network architectures specifi-
cally for neuromorphic hardware capabilities [72].
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5.5. Summary

Neuromorphic hardware exemplifies the practical advantages of SNNs in terms of energy-efficient,
low-latency computation. While current systems have yet to rival the raw performance and scalability
of hardware used for LLMs, ongoing advances in device technology, architecture, and algorithmic
integration point toward a future where spiking and conventional AI models coexist and complement
each other. This synergy could unlock novel applications demanding real-time, adaptive, and low-
power intelligence beyond the reach of today’s deep learning frameworks [73].

6. Applications and Emerging Trends

As Spiking Neural Networks (SNNs) continue to evolve alongside the rapid advancements in
large language models (LLMs) and deep learning, their unique properties are driving a range of
novel applications and inspiring emerging research trends [74]. This section surveys key application
domains where SNNs have demonstrated promise, as well as cutting-edge directions that explore the
integration and hybridization of spiking and non-spiking architectures.

6.1. Energy-Efficient and Real-Time Systems

One of the most immediate and impactful application areas for SNNs is in energy-constrained
and real-time environments [75]. The sparse, event-driven nature of spike-based computation makes
SNNs particularly suited for deployment on edge devices, autonomous robots, wearable sensors, and
Internet of Things (IoT) systems, where low power consumption and fast response times are critical
[76]. Examples include:

*  Neuromorphic Vision and Auditory Processing: SNNs excel at processing event-based sensory
inputs such as those from Dynamic Vision Sensors (DVS) or silicon cochleas, enabling ultra-low-
latency object detection, gesture recognition, and auditory scene analysis.

* Robotics and Control: Real-time adaptive control systems leverage SNNs for processing sensori-
motor feedback with minimal energy, supporting navigation, manipulation, and interaction in
dynamic environments [77].

6.2. Brain-Machine Interfaces and Neuroprosthetics

The close alignment of SNNs with biological neural dynamics has fostered their application in
brain-machine interfaces (BMIs) and neuroprosthetic devices. By interpreting neural spike patterns and
generating bio-compatible signals, SNNs can facilitate communication between the nervous system
and external devices, advancing rehabilitation and augmentation technologies [78].

6.3. Hybrid Models and Cross-Paradigm Integration

Recent research explores hybrid architectures that combine the strengths of SNNs and traditional
ANNSs or LLMs [79]. Such approaches seek to leverage the representational power and scalability of
deep learning with the temporal precision and efficiency of spiking neurons [80]. Examples include:

e  Spiking Transformers: Adaptations of transformer architectures employing spiking mechanisms
to incorporate temporal coding and event-driven processing [81].

¢ Neuromorphic Preprocessing: Using SNNs as front-end feature extractors or encoders for subse-
quent processing by LLMs or deep neural networks, enabling efficient sensory data compression
[82].

¢  Joint Training Frameworks: Developing algorithms that enable end-to-end training of mixed
spiking and non-spiking layers for complex tasks [83].

6.4. Learning and Adaptation in Dynamic Environments

SNNs’ inherent capacity for temporal coding and biologically inspired plasticity mechanisms
makes them well-suited for continual learning and adaptation in non-stationary environments. Emerg-
ing trends focus on leveraging SNNss for lifelong learning, robust anomaly detection, and flexible task
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switching without catastrophic forgetting, challenges that remain difficult for standard deep learning
models.

6.5. Theoretical and Neuroscientific Insights

Beyond engineering applications, SNN research continues to provide valuable insights into neural
coding, cognitive function, and brain-inspired computation. Modeling higher-level cognitive processes
such as attention, memory, and decision-making using spiking frameworks bridges the gap between
neuroscience and artificial intelligence, informing both fields.

6.6. Summary

The landscape of SNN applications is expanding rapidly, fueled by advances in neuromorphic
hardware, training algorithms, and hybrid modeling approaches. While large language models
dominate many areas of Al, SNNs carve out essential niches where energy efficiency, temporal
processing, and biological plausibility are paramount [84]. The emerging convergence of spiking and
non-spiking paradigms heralds a future of more versatile, adaptive, and efficient intelligent systems
capable of addressing a broader spectrum of real-world challenges.

7. Future Directions and Open Challenges

Despite significant progress, Spiking Neural Networks (SNNs) face a series of open challenges
and research opportunities that must be addressed to fully realize their potential, especially in an era
dominated by large language models (LLMs) and deep learning. This section outlines key future direc-
tions and unresolved issues that are critical for advancing SNN theory, applications, and integration
with contemporary Al systems [85].

7.1. Scalable and Efficient Training Algorithms

Current training methods for SNNs, including surrogate gradient techniques and ANN-to-SNN
conversion, have made remarkable strides but still lag behind the efficiency, scalability, and generaliza-
tion capabilities of gradient-based learning in traditional deep networks [86,87]. Developing novel,
biologically plausible, and hardware-aware learning algorithms that can scale to deep, recurrent, and
transformer-like spiking architectures remains a pressing challenge [88]. Research into hybrid training
paradigms combining local plasticity rules with global error signals, meta-learning approaches, and
self-supervised learning adapted to spiking dynamics could open new pathways toward more effective
learning [89].

7.2. Bridging the Gap with Large Language Models

Large language models represent the state-of-the-art in natural language understanding and
generation but operate fundamentally differently from spiking systems. Exploring how temporal
coding, spike-based representations, and event-driven computation can be integrated or hybridized
with LLM architectures is an exciting frontier. Possible avenues include developing spiking approxi-
mations of transformer blocks, neuromorphic hardware accelerators tailored for sequence modeling,
and algorithms that exploit spike timing to enhance interpretability and efficiency in language tasks
[90].

7.3. Neuromorphic Hardware Co-Design

The full benefits of SNNs can only be realized through tight co-design of algorithms, architec-
tures, and hardware [91]. Future research should focus on designing flexible, scalable neuromorphic
platforms that support on-chip learning, efficient memory usage, and interoperability with existing
Al ecosystems [92]. Advances in emerging device technologies such as memristors, photonic spiking
neurons, and hybrid analog-digital systems may provide new opportunities for ultra-low-power,
high-throughput neuromorphic computing.
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7.4. Standardization and Benchmarking

A significant obstacle in SNN research is the lack of standardized benchmarks, datasets, and
evaluation protocols comparable to those used for deep learning and LLMs [93]. Establishing widely
accepted benchmarks for classification, sequence modeling, continual learning, and real-world appli-
cations will facilitate fair comparisons, reproducibility, and community-driven progress.

7.5. Interdisciplinary Collaboration

SNN research sits at the intersection of neuroscience, computer science, and electrical engineering.
Strengthening interdisciplinary collaborations will accelerate the translation of biological insights into
computational models and hardware, while also informing neuroscience with new computational
theories and tools [94].

7.6. Ethical and Societal Implications

As SNNs and neuromorphic systems mature and potentially become integral to edge computing,
healthcare, and autonomous systems, it is essential to consider ethical implications related to privacy,
security, and societal impact [95]. Designing transparent, interpretable, and trustworthy spiking Al
systems will be an important focus moving forward [96].

7.7. Summary

The future of Spiking Neural Networks is promising yet complex, requiring breakthroughs in
theory, algorithms, hardware, and applications [97]. Addressing these challenges through innovative
research and cross-disciplinary efforts will enable SNNs to complement and possibly transform the Al
landscape dominated by large language models, leading to more efficient, adaptive, and biologically
inspired intelligent systems.

8. Conclusion

Spiking Neural Networks (SNNs) represent a compelling and biologically inspired approach to
artificial intelligence, distinguished by their event-driven, temporal coding mechanisms that promise
unparalleled energy efficiency and real-time processing capabilities. In the age of large language
models (LLMs) and deep learning, SNNs offer a complementary paradigm that addresses funda-
mental limitations of conventional neural networks, particularly in scenarios requiring low-power
computation, temporal dynamics, and adaptability.

This survey has provided an extensive overview of the foundational principles of SNNs, including
neuron models, spike encoding schemes, synaptic plasticity, and network architectures. We explored
the diverse array of training algorithms, highlighting the challenges posed by spike non-differentiability
and the innovative solutions such as surrogate gradients and ANN-to-SNN conversion. The emergence
of neuromorphic hardware platforms illustrates the practical potential of SNNs for energy-efficient
and scalable computation, contrasting sharply with the resource-intensive demands of LLMs.

Furthermore, we examined the broad spectrum of applications where SNNs are uniquely ad-
vantageous, from neuromorphic sensory processing and robotics to brain-machine interfaces, as well
as the nascent efforts to hybridize spiking and non-spiking models. Finally, we identified critical
open challenges and future research directions, emphasizing the need for scalable training methods,
hardware-algorithm co-design, interdisciplinary collaboration, and ethical considerations.

As artificial intelligence continues to evolve, the convergence of SNNs and LLMs promises
novel computational frameworks that blend biological plausibility with engineering efficacy. By
advancing both theoretical understanding and practical implementations, the community can unlock
new frontiers of intelligent systems that are more efficient, adaptive, and aligned with the complexities
of natural cognition.

The journey of SNNs in the era of LLMs is just beginning, and the coming years are poised to
witness exciting breakthroughs that could reshape the Al landscape.
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