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A B S T R A C T
Spiking Neural Networks (SNNs) represent the third generation of artificial neural networks, offering
a paradigm shift from continuous-valued activations to discrete temporal spikes. As deep learning
models demand increasingly prohibitive computational resources, SNNs emerge as a promising
alternative through their event-driven computation, biological plausibility, and compatibility with
energy-efficient neuromorphic hardware. This comprehensive review examines SNNs from theoretical
foundations to practical deployment, analyzing neuron models, synaptic dynamics, information encod-
ing schemes, and learning methodologies. We critically evaluate the current state of supervised and
unsupervised learning approaches, which can achieve up to 77% accuracy on ImageNet with 7× energy
efficiency compared to conventional networks. We identify critical challenges, including the accuracy
gap in static vision tasks, limited biological learning algorithms, and hardware scalability constraints.
Our analysis reveals that while SNNs excel in temporal processing and event-based vision, achieving
competitive performance on static benchmarks while maintaining energy advantages remains an open
problem requiring advances in architecture design, training algorithms, and neuromorphic hardware.

1. Introduction
The field of Deep Learning (DL) has witnessed remark-

able advancements over the past decade, revolutionizing
domains such as computer vision, natural language pro-
cessing, and autonomous systems. However, this progress
has come at a considerable cost: state-of-the-art models
increasingly demand substantial computational resources,
extensive training time, and significant energy consumption.
Meanwhile, the human brain, consuming merely 20 watts of
power [1], performs complex cognitive tasks that far exceed
the capabilities of current artificial systems consuming or-
ders of magnitude more energy [2]. This stark contrast has
motivated researchers to explore brain-inspired computing
paradigms that might offer more sustainable and efficient
alternatives to conventional artificial intelligence.

Spiking Neural Networks (SNNs) emerge as a promising
solution to this computational efficiency challenge. Rep-
resenting the third generation of artificial neural networks
[3], SNNs fundamentally differ from their predecessors by
encoding and processing information through discrete tem-
poral events (spikes) rather than continuous activation val-
ues. This event-driven computation paradigm offers several
potential advantages: reduced power consumption through
sparse activation, inherent temporal dynamics for processing
time-varying data, and natural compatibility with neuromor-
phic hardware architectures designed to exploit the asyn-
chronous nature of spike-based computation [4].
1.1. Motivation for This Research

The author’s interest in Spiking Neural Networks stems
from a long-standing fascination with the brain and the
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mechanisms underlying intelligence. Understanding how in-
telligence emerges has been a driving motivation, with the
conviction that attempting to build models of the brain
represents one of the most effective paths toward truly un-
derstanding its mechanisms.

SNNs are particularly compelling because they occupy
a unique position at the intersection of neuroscience and
artificial intelligence. They capture essential computational
principles of biological neurons without introducing ex-
cessive complexity that would render them impractical for
real-world implementation. This balance between biological
plausibility and computational feasibility aligns with the
goal of developing AI systems that are both theoretically
grounded in neuroscience and practically viable for real-
world applications.

Beyond theoretical interest, there is strong conviction
that SNNs represent a crucial research direction for address-
ing the sustainability crisis in artificial intelligence. As deep
learning models continue to scale, their energy consump-
tion has become increasingly problematic. The event-driven
computation paradigm of SNNs offers a promising path
toward more efficient AI systems, and this line of research
will likely prove not only scientifically valuable but essential
as scalability concerns become more pressing.
1.2. Scope and Objectives

This literature review provides a comprehensive exami-
nation of Spiking Neural Networks from biological princi-
ples to practical deployment. We aim to bridge theoretical
foundations with implementation realities, critically evalu-
ating what SNNs offer beyond conventional neural networks
and identifying where current approaches fall short.

This review does not cover purely biological neuro-
science without computational relevance, detailed circuit-
level hardware implementation, or non-spiking neuromor-
phic systems. We focus primarily on developments from
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2019-2025, with seminal earlier works included where foun-
dational.
1.3. Organization

The remainder of this review is structured as follows:
Section 2 details the systematic approach for literature
search, selection, and analysis. Section 3 presents fun-
damental principles of SNNs, including neuron models
and synaptic mechanisms. Section 4 explores biologically-
inspired properties and their implementation. Section 5
examines information encoding schemes. Section 6 provides
comprehensive analysis of learning algorithms. Section 7
overviews specialized software frameworks. Section 8 dis-
cusses neuromorphic hardware. Section 9 surveys practical
applications. Section 10 synthesizes quantitative perfor-
mance metrics. Finally, Section 11 synthesizes key findings,
identifies research gaps, and proposes future directions.

2. Methodology
This literature review follows a systematic approach

to ensure comprehensive coverage of SNN research while
maintaining focus on recent advances and high-impact con-
tributions.
2.1. Search Strategy

Database Sources: Our search utilized IEEE Xplore,
ACM Digital Library, PubMed, Google Scholar, Consensus
Search Engine, and the curated repository at https://github.
com/TheBrainLab/Awesome-Spiking-Neural-Networks. We em-
ployed both forward and backward citation tracking from key
papers to identify influential works.

Search Terms: We used combinations of the following
keywords: ("spiking neural network*" OR "SNN" OR "neu-
romorphic computing" OR "event-driven computing") AND
("learning algorithm*" OR "training method*" OR "STDP"
OR "backpropagation" OR "surrogate gradient*") AND
("application*" OR "hardware" OR "energy efficiency" OR
"temporal coding").

Search Process: Initial searches yielded hundreds of
papers. After title and abstract screening based on our in-
clusion/exclusion criteria, we retained less than a hundred
papers for full-text review. Following detailed analysis, we
selected 50+ papers for inclusion in this review, prioritizing
recent high-quality publications while ensuring coverage of
foundational concepts.
2.2. Selection Criteria

We aimed to follow the criteria outlined below, with
minor exceptions where needed.

Inclusion Criteria:

1. Peer-reviewed publications in reputable journals or
conferences

2. Publication date 2019-2025 (with select foundational
works from 2018 and earlier)

3. Direct relevance to SNN theory, algorithms, hard-
ware, or applications

4. Preference for Q1 journals and top-tier conferences
(CORE A/A*), with select Q2 publications for critical
topics

Exclusion Criteria:

1. Purely biological neuroscience papers without com-
putational relevance

2. Workshop papers or preprints superseded by peer-
reviewed publications

3. Publications from predatory journals or publishers
4. Papers focused exclusively on non-spiking neuromor-

phic systems
Detailed source quality evaluation is provided in Ap-

pendix A.

3. Fundamentals of Spiking Neural Networks
Spiking Neural Networks fundamentally differ from con-

ventional ANNs in their information representation and pro-
cessing paradigm. While traditional networks operate on
continuous-valued activations propagated through layers in
discrete time steps, SNNs communicate through discrete val-
ues called spikes that occur at specific moments in continu-
ous time. This section establishes the mathematical and com-
putational foundations necessary for understanding SNN
operation.
3.1. Neuron Models

The computational unit of a SNN is the spiking neuron,
which accumulates input signals and generates output spikes
according to its internal dynamics. Several neuron models
have been proposed, trading off biological realism against
computational efficiency [4]. We examine the most promi-
nent models used in contemporary SNN research.
3.1.1. Leaky Integrate-and-Fire (LIF) Model

The Leaky Integrate-and-Fire (LIF) neuron model rep-
resents one of the most widely adopted formulations due
to its favorable balance between biological plausibility and
computational tractability [4]. The LIF neuron can be con-
ceptualized as a parallel Resistor-Capacitor (RC) circuit with
a "leaky" resistor (see Figure 1) [5], where the membrane
potential 𝑉𝑚𝑒𝑚(𝑡) evolves according to:

𝐶
𝑑𝑉𝑚𝑒𝑚
𝑑𝑡

= −𝑔𝐿(𝑉𝑚𝑒𝑚(𝑡) − 𝐸𝐿) + 𝐼(𝑡) (1)

where 𝐶 represents the membrane capacitance, 𝑔𝐿 de-
notes the leak conductance, 𝐸𝐿 is the resting potential, and
𝐼(𝑡) represents the input current [5]. The formula indicates
that in the absence of input current, the membrane potential
exponentially decays toward its resting value 𝑉𝑟𝑒𝑠𝑡. When the
membrane potential reaches a predefined threshold 𝑉𝑡ℎ, the
neuron emits a spike and resets its potential to 𝑉𝑟𝑒𝑠𝑡.
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Figure 1: Electrical circuit analogy of the LIF neuron model.
Adapted from Nunes et al. [4].
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Figure 2: Membrane potential dynamics of a LIF neuron
responding to input spikes.

Figure 2 illustrates key LIF dynamics: the membrane
potential 𝑉𝑚𝑒𝑚 (blue) starts at rest 𝑉𝑟𝑒𝑠𝑡 (gray dotted line).
Single input spikes cause brief depolarization followed by
exponential decay, demonstrating the characteristic "leak".
When spikes arrive rapidly in succession, temporal integra-
tion drives 𝑉𝑚𝑒𝑚 to threshold 𝑉𝑡ℎ (red dashed line), triggering
an output spike from the neuron and an instantaneous reset
of the state variable.

The activation function of LIF neurons is thus defined
as:

𝐴(𝑡) =

{

0, if 𝑉𝑚𝑒𝑚 < 𝑉𝑡ℎ
1, if 𝑉𝑚𝑒𝑚 ≥ 𝑉𝑡ℎ

(2)

This discrete, non-differentiable activation function poses
significant challenges for training SNNs using gradient-
based methods, as discussed in Section 6.

Spiking neurons incorporate an additional biologically-
motivated feature: the refractory period 𝑡𝑟𝑒𝑓𝑟, during which
the neuron’s firing capability is temporarily reduced. This
mechanism can be implemented in two ways. The first ap-
proach renders the neuron completely unresponsive to input
for a fixed time window [6], while the second increases
the difficulty of spike generation by temporarily raising the
firing threshold [7].

The membrane potential reset mechanism can be imple-
mented as either hard or soft. A hard reset returns 𝑉𝑚𝑒𝑚directly to 𝑉𝑟𝑒𝑠𝑡, whereas a soft reset subtracts 𝑉𝑡ℎ from 𝑉𝑚𝑒𝑚[8]. The soft reset approach better preserves information
about super-threshold input strength and has demonstrated
improved performance in certain training methods [9]. To-
gether, these mechanisms prevent immediate re-firing and
introduce realistic temporal dynamics into network behavior.

3.1.2. Adaptive Leaky Integrate-and-Fire (ALIF)
Neurons

While the LIF model captures essential spiking dynam-
ics, biological neurons exhibit additional adaptive proper-
ties. The Adaptive LIF (ALIF) neuron extends the basic
model by incorporating spike-frequency adaptation through
a dynamic threshold [10]:

𝜃[𝑡] = 𝜃0 + 𝛽 ⋅ 𝜂[𝑡] (3)

𝜂[𝑡 + 1] = 𝜌 ⋅ 𝜂[𝑡] + (1 − 𝜌) ⋅ 𝑆[𝑡] (4)
where 𝜃0 is the base threshold, 𝛽 controls adaptation

strength, 𝜂[𝑡] is the adaptation variable, and 𝜌 = exp(−Δ𝑡∕𝜏𝑎𝑑𝑝)determines the adaptation time constant 𝜏𝑎𝑑𝑝. After each
spike, the threshold increases, making subsequent firing
more difficult and implementing spike-frequency adaptation
observed in biological neurons [10].

Yin et al. [10] demonstrated that ALIF neurons with
learnable time constants (𝜏𝑚 and 𝜏𝑎𝑑𝑝) trained via backprop-
agation achieve superior performance compared to fixed-
parameter LIF neurons. On the SHD dataset, networks with
optimized ALIF neurons achieved 90.4% accuracy com-
pared to 87.2% with standard bi-LSTM, while maintaining
average firing rates below 0.1 spikes per neuron per time
step. The adaptive threshold mechanism naturally promotes
sparse spiking activity, as neurons become temporarily less
excitable after firing, leading to both improved accuracy and
reduced energy consumption [10].
3.1.3. Alternative Neuron Models

While the LIF model dominates contemporary SNN
implementations due to its computational efficiency, sev-
eral alternatives offer different trade-offs between biological
realism and computational complexity [11]. The Integrate-
and-Fire (IF) model omits the leak term entirely, maximiz-
ing computational efficiency at the cost of biological real-
ism. The Izhikevich model employs two coupled differential
equations to reproduce diverse firing patterns observed in
biological neurons, including regular spiking, bursting, and
fast spiking [4]. The Spike Response Model (SRM) formu-
lates membrane potential as convolutions of kernel functions
rather than differential equations, facilitating event-driven
simulation and efficient gradient computation for spike-
time-based learning [12, 7]. The Hodgkin-Huxley model
provides maximum biological fidelity through detailed ion
channel dynamics but incurs significantly higher computa-
tional cost [4].

Recent advances have introduced learnable neuron pa-
rameters. Parametric LIF (PLIF) neurons, where membrane
time constants and firing thresholds are learned during
training rather than manually tuned, demonstrate accelerated
convergence and improved performance across multiple
benchmarks [13]. This adaptive approach enables networks
to automatically discover task-specific neuron dynamics,

J. A. Abaurrea-Calafell: Research Methodology and Techniques course assignment Page 3 of 18



Spiking Neural Networks: A Comprehensive Literature Review on Brain-Inspired Computing

representing a significant departure from traditional fixed-
parameter models.

As mentioned earlier, empirical evidence suggests that
most SNN implementations use LIF neurons due to their
favorable efficiency-accuracy trade-off [14]. Nevertheless,
applications requiring specific temporal dynamics or greater
biological fidelity may benefit from alternative models de-
spite their increased computational cost.
3.2. Synaptic Dynamics

Synaptic connections in SNNs exhibit temporal dynam-
ics that critically influence network behavior. When a presy-
naptic neuron (sending neuron) fires a spike, the postsy-
naptic neuron (receiving neuron) does not experience an
immediate change in its membrane potential. Instead, synap-
tic currents evolve according to specific dynamics model-
ing neurotransmitter release, diffusion, and receptor binding
[15].
3.2.1. Current-Based vs. Conductance-Based Synapses

Current-based synapses directly inject current into the
postsynaptic neuron:

𝐼𝑠𝑦𝑛(𝑡) =
∑

𝑖
𝑤𝑖

∑

𝑡𝑖𝑗

𝐾(𝑡 − 𝑡𝑖𝑗) (5)

where 𝐾(𝑡) represents the synaptic kernel function (e.g.,
exponential decay).

Interpretation: The current added to the postsynaptic
neuron is independent of its current voltage. For example, if
neuron A sends a spike with weight 𝑤 = 1.5 through an ex-
ponential synapse, it contributes the same current trajectory
regardless of whether the receiving neuron B is at −70mV
or −50mV.

Conductance-based synapses instead modulate the neu-
ron’s conductance:

𝐼𝑠𝑦𝑛(𝑡) =
∑

𝑖
𝑔𝑖(𝑡)(𝑉𝑚𝑒𝑚 − 𝐸𝑖) (6)

where 𝑔𝑖(𝑡) is the time-varying conductance and 𝐸𝑖 is the
synaptic reversal potential [15].

Interpretation: The current injected depends on the
voltage gap (𝑉𝑚𝑒𝑚 − 𝐸𝑖). As the postsynaptic neuron’s volt-
age 𝑉𝑚𝑒𝑚 approaches the reversal potential 𝐸𝑖, the synaptic
current automatically weakens, creating saturation effects.
For example, an excitatory synapse (analogous to a positive
weight in ANNs) with 𝐸𝑖 = 0mV produces strong current
when the neuron is at 𝑉𝑚𝑒𝑚 = −70mV but weaker current at
𝑉𝑚𝑒𝑚 = −20mV. In other words, if a neuron is already highly
depolarized (high voltage), additional excitatory inputs have
diminishing effects.

Current-based synapses dominate SNN implementa-
tions due to their computational simplicity and compati-
bility with efficient event-driven simulation [16]. However,
conductance-based synapses offer greater biological realism
by capturing shunting inhibition and voltage-dependent
synaptic effects [15].

3.2.2. Synaptic Kernel Functions
The temporal evolution of synaptic currents can be mod-

eled with varying degrees of complexity [15]. The instan-
taneous kernel 𝐾(𝑡) = 𝛿(𝑡) represents the simplest case
where postsynaptic current changes immediately upon spike
arrival. The exponential decay kernel:

𝐾(𝑡) = 1
𝜏𝑠𝑦𝑛

𝑒−𝑡∕𝜏𝑠𝑦𝑛𝐻(𝑡) (7)

provides a reasonable approximation of biological synaptic
currents with minimal computational overhead, where 𝐻(𝑡)
is the Heaviside step function. More sophisticated kernels
like the alpha function:

𝐾(𝑡) = 𝑡
𝜏2𝑠𝑦𝑛

𝑒1−𝑡∕𝜏𝑠𝑦𝑛𝐻(𝑡) (8)

incorporate both rise and decay phases, offering improved
biological realism at increased computational cost [15, 16].

The choice of synaptic model significantly influences
both computational efficiency and network performance.
Tavanaei et al. [16] demonstrated that networks using expo-
nential or alpha function synapses show improved accuracy
on temporal pattern recognition tasks compared to instanta-
neous synapses, though at 2-3× increased simulation time.
This trade-off between biological realism and computational
efficiency remains an active area of research.
3.3. Network Architecture and Connectivity

SNN architectures can range from simple feedforward
networks to complex recurrent topologies incorporating var-
ious connection patterns observed in biological neural cir-
cuits.
3.3.1. Feedforward Networks

The most straightforward SNN architecture consists of
feedforward connections, where information propagates uni-
directionally from input to output layers. Despite their sim-
plicity, feedforward networks with converging and diverging
connections can increase signal-to-noise ratios by averaging
over multiple independent noise sources [4].
3.3.2. Recurrent Networks and Reservoir Computing

Recurrent connections introduce temporal dynamics ex-
tending beyond individual neuron properties, enabling net-
works to maintain memory of past inputs and exhibit com-
plex dynamical behaviors essential for processing temporal
information [11].

Liquid State Machines (LSMs) represent a prominent
reservoir computing approach specifically designed for spik-
ing networks [17]. The LSM paradigm consists of three com-
ponents: a liquid (reservoir) comprising a large recurrent
network of spiking neurons with random, fixed connections
that creates complex spatiotemporal activity patterns when
perturbed by inputs; a state readout that captures the network
state at specific times to provide high-dimensional represen-
tations of input history; and a trainable readout layer that
learns to extract task-relevant information from reservoir
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states using simple linear classifiers or regression [17]. Crit-
ically, only the readout layer requires training, dramatically
reducing computational requirements compared to training
recurrent weights [18].

The effectiveness of LSMs relies on two key properties:
the separation property (different input sequences produce
sufficiently distinct reservoir states) and the approximation
property (the readout layer can approximate desired output
functions) [19]. Networks perform optimally near the bound-
ary between stable and chaotic dynamics, often referred to as
the edge of chaos [18], controlled by maintaining a spectral
radius near unity [19].

These properties have enabled practical applications
in temporal pattern recognition tasks. For example, LSMs
achieve competitive performance on speech recognition
tasks such as phoneme recognition with significantly fewer
trainable parameters than LSTMs [11]. Recent innova-
tions incorporating learnable time constants and optimized
connectivity patterns have narrowed the performance gap
with fully-trained recurrent networks while maintaining the
computational advantages of the reservoir paradigm [12].
3.4. The Challenge of Non-Differentiability

As previously mentioned, a fundamental challenge dis-
tinguishing SNNs from conventional ANNs is the non-
differentiable nature of the spiking mechanism. The discrete
activation function defined in Equation 2 has zero gradi-
ent almost everywhere, preventing the direct application of
backpropagation, the foundation of modern deep learning.
This limitation has motivated the development of alternative
learning strategies, which we examine in detail in Section 6.

4. Biologically-Inspired Mechanisms in SNNs
A distinguishing feature of SNNs is their closer adher-

ence to biological neural network principles compared to
conventional ANNs. This section examines how neurobi-
ological mechanisms inspire SNN architectures and con-
tribute to their computational properties.
4.1. Biological Visual Processing Principles

The mammalian visual system has inspired neural net-
work architectures for decades [20], making examination
of additional biological mechanisms particularly promis-
ing. Early visual processing demonstrates efficient encod-
ing strategies: the retina performs substantial preprocess-
ing through ON-center and OFF-center cells with center-
surround receptive fields, efficiently encoding luminance
contrasts while filtering redundant information like uniform
illumination. As information propagates through the visual
pathway to primary visual cortex (V1), neurons develop
increasingly complex selectivity, from oriented edges to
position-invariant features [21, 22].

Remarkably, V1 neuron receptive fields closely resemble
two-dimensional Gabor functions, enabling efficient sparse
coding of natural images. Several SNN implementations
have incorporated these principles through Difference-of-
Gaussian (DoG) filters for preprocessing and Gabor-like

filters in early layers, achieving biologically-plausible and
computationally-efficient feature extraction [21, 23].
4.2. Neural Circuits: Excitation and Inhibition

Biological neural networks exhibit intricate patterns of
excitatory and inhibitory connections that regulate informa-
tion flow and shape neural dynamics. Understanding and
implementing these circuit motifs in SNNs can enhance their
computational capabilities.

Figure 3: Common Neuronal Network Motifs. Source: Luo
[22].

4.2.1. Feedforward Excitation
The fundamental circuit for information propagation

consists of feedforward excitatory connections, where presy-
naptic neurons directly activate postsynaptic targets. This
basic motif allows signal amplification through divergent
connections and noise reduction through convergent connec-
tions [22].
4.2.2. Inhibition

Lateral inhibition occurs when active neurons suppress
neighboring neurons processing similar information [22].
It plays a crucial role in enhancing stimulus selectivity
and promoting sparse representations. In SNNs, lateral in-
hibition is commonly implemented through winner-take-all
mechanisms: the most strongly activated neuron inhibits its
neighbors, enforcing competition and preventing multiple
neurons from responding to the same input [4].

This mechanism proves particularly valuable in unsu-
pervised learning scenarios, where it encourages different
neurons to specialize for distinct input patterns. Several
successful unsupervised SNN architectures employ lateral
inhibition to achieve emergent feature selectivity without
explicit supervision [4].

Beyond lateral connections, inhibitory circuits can be
organized in feedforward or feedback configurations. Feed-
forward inhibition enables rapid, precise temporal control by
having excitatory neurons activate both downstream targets
and inhibitory interneurons that suppress those targets. Feed-
back inhibition creates negative feedback loops where exci-
tatory neurons activate inhibitory neurons that project back
to the excitatory population, regulating activity levels and
generating oscillatory dynamics. Both mechanisms control
neural excitability, shape temporal dynamics, and prevent
runaway excitation [4].
4.3. Hebbian Learning and STDP: Biological

Foundation
Perhaps the most influential biological learning principle

is captured by Donald Hebb’s dictum: "neurons that fire
together, wire together" [24]. This concept, formalized in
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1949, proposed that synaptic connections strengthen when
presynaptic activity consistently contributes to postsynaptic
firing.

Subsequent neurophysiological research discovered spe-
cific mechanisms implementing Hebbian learning. Long-
Term Potentiation (LTP) describes the persistent strength-
ening of synapses following correlated activity [25, 26],
while Long-Term Depression (LTD) refers to the weaken-
ing of synapses lacking effective correlation [26]. Spike-
Timing-Dependent Plasticity (STDP) refines these concepts
by making synaptic changes depend on the precise temporal
relationship between pre- and postsynaptic spikes [26].

The canonical STDP rule specifies that synapses strengthen
when presynaptic spikes consistently precede postsynaptic
spikes (LTP), but weaken when postsynaptic spikes pre-
cede presynaptic spikes (LTD). Mathematically, the weight
change Δ𝑤 can be expressed as:

Δ𝑤 =

{

𝛼𝑒−(|𝑡𝑝𝑟𝑒−𝑡𝑝𝑜𝑠𝑡|)∕𝜏 , if 𝑡𝑝𝑟𝑒 − 𝑡𝑝𝑜𝑠𝑡 ≤ 0
𝛽𝑒−(|𝑡𝑝𝑟𝑒−𝑡𝑝𝑜𝑠𝑡|)∕𝜏 , if 𝑡𝑝𝑟𝑒 − 𝑡𝑝𝑜𝑠𝑡 > 0

(9)

where 𝛼 > 0 and 𝛽 < 0 define learning rates for
potentiation and depression respectively, 𝜏 determines the
temporal window of interaction, and 𝑡𝑝𝑟𝑒, 𝑡𝑝𝑜𝑠𝑡 are spike
times [26, 4]. This local learning rule enables unsupervised
learning in SNNs without requiring global error signals. We
discuss computational implementations and extensions of
STDP in Section 6.

5. Information Encoding in SNNs
A fundamental challenge in applying SNNs to practical

problems involves encoding information into spike trains
(sequences of spikes) and subsequently decoding it to extract
useful representations. Unlike conventional ANNs where
information is represented by continuous activation val-
ues, SNNs must map input signals into temporal patterns
of spikes. This section examines the principal encoding
schemes employed in SNN research and their implications
for network performance and biological plausibility. We
focus on the most widely used and representative approaches
that capture key ideas relevant to modern SNN applications.
5.1. Rate Coding Schemes

Rate coding represents the most straightforward ap-
proach to spike-based information representation, where the
firing rate of a neuron encodes the intensity of a stimulus.
While rate coding’s biological relevance has been ques-
tioned given the rapid inference capabilities of biological
neural systems [7], it remains widely used in SNN research
due to its simplicity and compatibility with ANN-to-SNN
conversion methods [27].

Figure 4: Visualization of rate coding techniques. The
dashed line indicates the rising and falling edge of the
stimulus. Source: Auge et al. [28].

5.1.1. Count Rate Coding (Frequency Coding)
The most fundamental rate coding scheme, count rate

coding, encodes information in the average firing frequency
over a specified time window. The mean firing rate 𝜈 over
window 𝑇 is defined as:

𝜈 =
𝑁𝑠𝑝𝑖𝑘𝑒

𝑇
(10)

where 𝑁𝑠𝑝𝑖𝑘𝑒 represents the number of spikes emitted
during the time window. In practical implementations, pixel
intensities or feature values are typically converted to spike
trains using Poisson processes, where the probability of
spike emission at any moment is proportional to the encoded
value [7].

Biological evidence for count rate coding dates to early
neurophysiological experiments by Adrian and Zotterman
[29], who demonstrated that frog muscle nerve firing rates
correlated with applied force. Similar rate coding has been
observed in human voluntary muscle contraction and in
sensory systems [30].
5.1.2. Density Rate Coding (PSTH)

Density rate coding, also known as the Post-Stimulus
Time Histogram (PSTH) approach, averages neural activity
over multiple presentations of the same stimulus. The spike
density 𝑝(𝑡) is computed as:

𝑝(𝑡) = 1
Δ𝑡

𝑁𝑠𝑝𝑖𝑘𝑒(𝑡; 𝑡 + Δ𝑡)
𝐾

(11)

where the count is averaged over 𝐾 independent trials.
While this approach reveals underlying neural response pat-
terns by averaging out noise, it is incompatible with biologi-
cal systems that must process stimuli in single presentations
[4].
5.1.3. Population Rate Coding

Population rate coding averages neural activity across
multiple neurons rather than multiple trials, computing the
population firing rate 𝐴(𝑡) as:

𝐴(𝑡) = 1
Δ𝑡

𝑁𝑠𝑝𝑖𝑘𝑒(𝑡; 𝑡 + Δ𝑡)
𝑁

(12)
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where 𝑁 denotes the number of neurons in the popu-
lation. Substantial biological evidence supports population
rate coding across sensory modalities [7]. This encoding
strategy addresses the fundamental constraint that biological
neurons exhibit low baseline firing rates, often below 0.1 Hz
in some cortical regions, making it difficult for individual
neurons to convey information rapidly through rate coding
alone [7].

From a computational perspective, population coding
offers robustness to individual neuron failures and noise,
distributing information across redundant channels.
5.2. Temporal Coding Schemes

Temporal coding schemes encode information in the
precise timing of individual spikes rather than in aggregate
firing rates, enabling faster inference and richer information
capacity. Biological neural systems can perform complex
computations in remarkably short time periods: humans can
perform object recognition tasks within 150 milliseconds,
too fast for rate-based decoding [28].
5.2.1. Time-To-First-Spike (TTFS)

Time-To-First-Spike coding encodes information through
spike timing: stronger stimuli elicit earlier spikes, while
weaker stimuli produce delayed or absent responses. Studies
have demonstrated correlation between stimulus contrast
and first-spike latency in sensory pathways [28].

TTFS coding offers maximal efficiency, as each neuron
fires at most once per stimulus, minimizing energy con-
sumption and enabling rapid inference. Direct input en-
coding approaches, where analog pixel values are directly
processed without conversion to spike trains, have achieved
competitive accuracy with significantly reduced latency, five
time steps compared to hundreds required by traditional rate
coding methods [31].
5.2.2. Rank Order Coding (ROC)

Rank Order Coding represents information through the
sequence in which neurons spike relative to each other, rather
than through the precise timing of individual spikes. This
encoding scheme offers substantial information capacity: a
population of 𝑁 neurons can produce 𝑁! distinct spike or-
derings. This factorial scaling provides significantly higher
information capacity than traditional firing rate codes [28].

Practical ROC implementations convert input features
to spike latencies using mechanisms like Difference-of-
Gaussians filtering, where higher contrast features generate
earlier spikes. Implementations using convolutional SNNs
with ROC have achieved accuracy over 98% on MNIST
[23]. However, ROC requires maintaining temporal preci-
sion through multiple network layers, and spike jitter can
significantly affect classification performance.
5.2.3. Phase Coding and Burst Coding

Phase coding represents information through the phase
relationship between individual neuron spikes and reference
oscillations, where each spike fires in respect to a period-
ically repeating reference signal [28, 4]. Burst coding, a

subset of inter-spike interval (ISI) based coding strategies,
converts input into groups of spikes with very small inter-
spike intervals, achieving fast and energy-efficient informa-
tion encoding [28].

Despite their biological prevalence, phase and burst cod-
ing remain relatively underexplored in artificial SNNs due to
challenges in maintaining stable oscillations through deep
networks and designing compatible learning rules.

Figure 5: Visualization of temporal coding techniques. The
dashed line indicates the rising and falling edge of the
stimulus. Adapted from: Auge et al. [28].

5.3. Comparative Analysis of Encoding Schemes
Different encoding schemes present distinct trade-offs

in terms of inference speed, energy consumption, and ro-
bustness. Temporal coding schemes achieve faster inference
and lower energy consumption compared to rate coding
on neuromorphic hardware while maintaining comparable
accuracy on temporal pattern recognition tasks. However,
rate coding shows superior robustness to noise on static
image classification tasks where temporal information is
limited [28].

Task characteristics strongly influence optimal encoding
strategy selection. Rate coding excels for tasks requiring in-
tegration of information over extended periods, while time-
to-first-spike coding suits rapid discrimination tasks with
sparse input patterns. Recent approaches using direct input
encoding (where analog pixel values are applied directly to
the input layer without spike train conversion) combined
with learnable thresholds have achieved competitive accu-
racy with 20-500× faster inference compared to traditional
rate coding methods [31].
5.4. Encoding Strategy Selection and Task

Dependence
Biological systems employ different encoding strategies

depending on the computational task and sensory modality
[28]. Early research suggested rate coding as predominant,
but later findings showed that sensory organs embed percep-
tions into precise timings of action potentials [28]. Similarly,
SNN researchers must select encoding schemes appropriate
to their applications [28]. Rate coding offers simplicity and
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compatibility with ANN conversion methods, making it
attractive for benchmarking and comparison [31, 28].

Rathi and Roy [31] note that conversion-based ap-
proaches historically relied on rate coding schemes, but
temporal-based methods can also be employed for ANN-to-
SNN conversion. Hybrid training approaches that combine
ANN-to-SNN conversion with spike-based backpropagation
enable practical training of deep networks while optimizing
encoding parameters [31]. The optimal encoding strategy
depends on factors including task temporal characteristics,
required inference speed, energy constraints, and hardware
platform [28].

6. Learning Strategies for SNNs
The development of effective learning algorithms repre-

sents perhaps the most critical challenge in SNN research.
The discrete, non-differentiable nature of spike generation
prevents direct application of backpropagation [16]. This
fundamental obstacle has motivated diverse approaches to
SNN training, ranging from biologically-plausible unsuper-
vised methods to various strategies for approximating gradi-
ents in spiking networks.
6.1. The Challenge of Training SNNs

The central difficulty in training SNNs stems from the
discontinuous activation function. Standard backpropaga-
tion requires computing gradients of the loss function with
respect to network parameters, but the gradient of the spiking
activation is zero almost everywhere and undefined at spike
times, preventing gradient flow [16].

Beyond the mathematical challenge, biological plau-
sibility concerns arise when applying backpropagation to
SNNs [16]. A fundamental objection is the weight trans-
port problem: the backpropagation algorithm requires that
feedforward weights be matched by symmetric feedback
connections for error propagation, yet this configuration has
not been observed in biological neural systems [16].

These challenges have motivated three main categories
of learning approaches: conversion of pre-trained ANNs to
SNNs, unsupervised learning with local plasticity rules, and
supervised learning with gradient approximations [12, 16].
6.2. ANN-to-SNN Conversion

ANN-to-SNN conversion methods leverage the obser-
vation that the firing rate of integrate-and-fire neurons can
approximate ReLU activations [32]. A ReLU neuron with
activation 𝑎 is converted to a spiking neuron whose firing
rate over time approximates 𝑎. This approach allows ex-
ploitation of well-established ANN training methods while
ultimately deploying energy-efficient SNNs.

The conversion process introduces quantization and ap-
proximation errors [33]. Weight normalization, threshold
balancing techniques and the use of soft reset help minimize
these errors [34, 33].

While this approach can achieve competitive accuracy
on large-scale datasets, as seen in Table 1, it suffers from
several limitations. Most notably, converted SNNs require

substantial simulation time steps to accurately approximate
the original ANN’s activations, leading to high inference
latency and increased energy consumption [33]. Addition-
ally, conversion methods sacrifice the temporal processing
capabilities that make SNNs attractive for dynamic input
streams.

Method Time steps Accuracy (%)

CIFAR-10 results:
RMP-SNN [9] 512 93.39
Calibration [35] 256 95.79
QCFS [36] 32 96.08

ImageNet results:
RMP-SNN [9] 2048 73.09
Calibration [35] 256 77.50
QCFS [36] 256 74.22

Table 1: Representative CIFAR-10 and ImageNet perfor-
mance of ANN-to-SNN conversion methods. Data from Yi
et al. [12].

6.3. Unsupervised Learning with STDP
Building on the biological foundation discussed in Sec-

tion 4, STDP has been widely adopted in unsupervised
learning algorithms for SNNs, leveraging the precise timing
relationship between presynaptic and postsynaptic neuronal
activities to adjust synaptic weights [37, 38].

Several algorithms have successfully incorporated STDP
mechanisms into learning frameworks. Legenstein et al.
[39] developed a foundational supervised learning algorithm
using external injected synaptic current to guide the network
toward desired outputs, serving as a teacher signal. This con-
cept was extended through reward-modulated STDP [40],
where synaptic modifications are scaled by a reward signal,
providing a framework to predict learning outcomes under
varying environmental conditions.

The Remote Supervised Method (ReSuMe) [41] repre-
sents a particularly influential approach that combines both
STDP and anti-STDP mechanisms to train spiking neurons.
In ReSuMe, the network learns by comparing its actual
output spike pattern with a desired target pattern, adjusting
synaptic weights to minimize the discrepancy between the
two. This method has proven effective for spatiotemporal
pattern classification and recognition tasks [41].

Neuroscientific evidence reveals that the temporal rela-
tionship between presynaptic and postsynaptic spike trains
induces long-term potentiation or depression of synapses,
while simultaneously modifying the overall excitability of
presynaptic neurons [42]. Remarkably, this bidirectional
synaptic plasticity mechanism shares fundamental similar-
ities with error backpropagation in artificial neural networks
[43], suggesting that biological learning mechanisms may
naturally implement computational principles analogous to
gradient descent.

Despite theoretical elegance and biological plausibility,
STDP-based unsupervised methods struggle to match the
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performance of supervised approaches on complex tasks.
On MNIST, STDP-based methods typically achieve below
99% accuracy, while supervised methods easily exceed this
threshold [12]. The performance gap widens dramatically on
more challenging datasets, highlighting the need for more
sophisticated biologically-plausible learning algorithms.
6.4. Supervised Learning with Gradient

Approximation
To achieve performance competitive with state-of-the-

art ANNs, recent SNN research has focused on supervised
learning with surrogate gradients [12, 16]. The fundamen-
tal challenge lies in the non-differentiable nature of spike
generation: the Heaviside step function [44] used for spike
generation has an undefined derivative, preventing the direct
application of standard backpropagation. Gradient approxi-
mation methods address this by replacing the discontinuous
derivative with smooth approximations during the backward
pass.
6.4.1. Surrogate Gradient Methods

The surrogate gradient approach replaces the discontin-
uous spiking activation derivative with a smooth approxi-
mation during backpropagation while maintaining discrete
spikes for forward propagation [16, 12]. This maintains the
computational advantages of spike-based processing during
inference while enabling gradient-based training.

During forward propagation, spikes are generated ac-
cording to the step function 𝐻(𝑉𝑚𝑒𝑚 − 𝑉𝑡ℎ). During back-
propagation, the undefined derivative is replaced with a
surrogate derivative 𝜎′(𝑉𝑚𝑒𝑚 − 𝑉𝑡ℎ) where 𝜎′ is a smooth,
bounded function [12]. Common surrogate functions in-
clude: the rectangular function, which provides a constant
gradient within a window around threshold; the sigmoid
function, which offers a smooth approximation with ex-
ponential decay; and the fast sigmoid, a computationally
efficient variant often achieving superior performance [12,
15]. The choice of surrogate gradient function significantly
impacts training dynamics and final performance.
6.4.2. State-of-the-Art Performance

Recent advances using optimized surrogate gradients
and training techniques have achieved impressive results
across multiple benchmarks [12]. Table 2 summarizes state-
of-the-art performance for directly-trained SNNs using sur-
rogate gradient methods.

On CIFAR-10, Duan et al. [45] achieved 94.50% accu-
racy with only 6 time steps. Meanwhile, on the more de-
manding ImageNet dataset, deep spiking residual networks
can reach up to 69.26% accuracy [46]; however, subsequent
work has pushed these boundaries further as discussed be-
low.

Method Dataset Time steps Accuracy

PLIF [13] MNIST 8 99.72%
TEBN [45] CIFAR-10 6 95.60%
SEW-ResNet [46] ImageNet 4 69.26%

Table 2: State-of-the-art results for surrogate gradient-
trained SNNs. Data from Yi et al. [12].

6.4.3. Advanced Training Techniques
Yao et al. [47] adapted attention mechanisms to op-

timize membrane potentials in a data-dependent manner,
introducing the Multi-dimensional Attention (MA) module
with three complementary components: temporal attention
(learning when to attend across time steps), channel attention
(learning what features to emphasize), and spatial attention
(learning where to focus within feature maps). The effec-
tiveness of attention mechanisms stems from their dual role
of focusing on discriminative features while suppressing
background noise [47]. On DVS128 Gesture classification,
attention improved accuracy from 90.63% to 96.53% while
reducing spike counts by 84.9%, achieving 3.4× better en-
ergy efficiency [47]. On ImageNet-1K, attention-enhanced
ResNet-104 achieved 77.08% top-1 accuracy with 4 time
steps, comparable to the equivalent ANN baseline (76.87%
accuracy) but with 7.4× better energy efficiency [47].

Other advances enable scaling to very deep networks
[12]. SEW-ResNet (Spiking Element-Wise ResNet) from
Fang et al. [46] addresses the degradation problem in deep
SNNs through element-wise operations on spike tensors,
enabling networks exceeding 100 layers [12]. Threshold-
dependent Batch Normalization (tdBN) stabilizes training
by normalizing activations while accounting for neuron
thresholds, preventing gradient vanishing in deep architec-
tures [48, 12]. Parametric LIF (PLIF) neurons with learnable
time constants enable the network to adapt temporal dynam-
ics to task requirements, achieving 99.72% on MNIST with
only 8 time steps [13, 12].
6.5. Reinforcement Learning and Hybrid

Approaches
Reinforcement learning offers a biologically-plausible

framework for training SNNs through reward-modulated
plasticity [16, 12]. R-STDP implementations enable SNNs
to learn from sparse reward signals, suitable for control and
decision-making tasks.

Hybrid approaches combine multiple learning paradigms
to leverage complementary advantages [12, 16]. An inter-
esting strategy employs unsupervised STDP-based feature
learning in early layers, followed by supervised training
of classification layers. This balances biological plausibil-
ity with task-specific performance. Panda and Roy [49]’s
SpikeCNN using layer-wise unsupervised learning (STDP
for convolutions, supervised for classification) achieved
99.05% accuracy on MNIST [16].
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7. Software Frameworks and Development
Tools
Effective development, training, and deployment of SNNs

requires specialized software tools that support both tra-
ditional computing platforms and neuromorphic hardware.
This section provides a brief overview of major SNN frame-
works; comprehensive treatment is beyond our scope, but
we highlight key platforms to orient readers. The following
descriptions draw on comprehensive reviews by Manna et al.
[50] and Fang et al. [8].

snnTorch: A PyTorch-based framework that models
spiking neurons as classes with internal state, supporting
LIF-based models, second-order LIF models, recurrent LIF
models, and LSTM memory cells. Learning occurs through
backpropagation through time using surrogate gradient func-
tions, with additional support for real-time recurrent learn-
ing that applies weight updates at each time step.

SpikingJelly: A PyTorch-based framework adopting
PyTorch’s coding style throughout, providing implementa-
tions of integrate-and-fire, LIF, parametric LIF, quadratic
integrate-and-fire, and exponential integrate-and-fire neuron
models. The framework approximates neuron firing using
surrogate functions such as sigmoid to enable differentiation
and backpropagation, and includes functionality for ANN to
SNN conversion from PyTorch.

BindsNET: A library for developing biologically in-
spired SNNs based on PyTorch, supporting multiple neuron
models including integrate-and-fire, LIF, LIF with adap-
tive thresholds, Izhikevich’s, and spike response model-
based neurons. The framework provides biologically in-
spired learning rules that can be either two-factor (STDP or
Hebbian) or three-factor (modulated STDP with eligibility
traces), and includes conversion capabilities to transform
PyTorch neural networks into SNNs.

Brian2: A simulator focused on biological realism and
flexibility, suitable for neuroscience research and algorithm
development before deployment on neuromorphic hardware.

Nengo: A Python package for building and deploying
neural networks composed of several sub-packages for dif-
ferent needs and destination platforms. NengoDL enables
conversion of TensorFlow/Keras networks into spiking ver-
sions, while NengoLoihi allows deployment of Nengo Core
networks onto Loihi chips. Nengo builds on the Neural
Engineering Framework and supports neuron models includ-
ing LIF and Izhikevich’s, with training possible using Oja,
BCM, and backpropagation learning rules.

Norse: A PyTorch-based framework developed for con-
structing SNNs for machine learning solutions, offering a
wide range of neuron models such as LIF, LIF variants
and extensions, and Izhikevich’s model, along with LSNN
(a spiking version of LSTM). Norse uses a functional pro-
gramming style where neurons are implemented as functions
without internal state, and supports both STDP for local
unsupervised learning and SuperSpike for surrogate gradient
learning.

Lava: A framework built by Intel’s Neuromorphic Com-
puting Lab as an evolution from the Nx SDK software
for Loihi chips, targeting multiple hardware platforms. The
framework is composed of four main packages including
Lava core, Lava-DL, Lava Dynamic Neural Fields, and Lava
Optimization. Lava-DL supports development of deep spik-
ing neural networks trained with SLAYER and conversion of
ANNs from PyTorch, while recent developments include on-
chip learning functionalities through STDP and customized
three-factor learning rules.

8. Neuromorphic Hardware Implementations
While SNNs offer theoretical advantages in energy ef-

ficiency and temporal processing, realizing these benefits
requires specialized hardware architectures that address the
von Neumann bottleneck through event-driven processing
with co-located memory and computation [4, 51].
8.1. Neuromorphic Computing Principles

Neuromorphic systems implement several key prin-
ciples that distinguish them from conventional architec-
tures. Event-driven computation occurs asynchronously in
response to spike events, with processing happening only
when spikes are generated [52]. Synaptic weights are stored
in local memory adjacent to neurons or in emerging memris-
tive devices, minimizing data movement between physically
separated logic and memory units [52]. These systems
achieve massive parallelism through large numbers of neu-
rons operating independently [51].
8.2. Major Neuromorphic Platforms

Several neuromorphic platforms have been developed
with distinct architectures [51]. SpiNNaker is a digital sys-
tem using ARM968 cores fabricated in 130-nm CMOS, with
the full system constructed of up to 216 chip multiprocessors
connected in a two-dimensional toroidal mesh [51]. Each
chip contains 18 processors arranged in a chip multiproces-
sor, with 16 processors used for simulation [51].

IBM’s TrueNorth is a digital neuromorphic chip fab-
ricated in 28-nm CMOS, composed of 4,096 neurosynap-
tic cores implementing 1 million digital neurons and 256
million synapses [4, 51]. TrueNorth consumes 26 pJ per
synaptic event and achieves 46 billion synaptic operations
per second per watt for real-time operation [52].

Intel’s Loihi is a neuromorphic research chip fabricated
in 14-nm FinFET process, containing 128 neuromorphic
cores that implement 130,000 neurons and 130 million
synapses [51, 52]. Under nominal operating conditions,
Loihi consumes approximately 23.6 pJ per synaptic oper-
ation [52].

BrainScaleS is a mixed-signal wafer-scale system fabri-
cated in 180-nm CMOS, supporting up to 180,000 neurons
and 40 million synapses per wafer [52, 51]. The system op-
erates with a speedup factor of 103-104 for spiking network
emulations [52].
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8.3. Communication in Neuromorphic Systems
Neuromorphic systems use Address-Event Representa-

tion (AER) to encode spikes into packets, where the only
information included is the address of the firing element and
optionally the time of occurrence [51]. Two main routing
methods are employed: source routing, where packets are
routed based on the source of the fire event, and destination
routing, where packets are routed based on the destination
[51].

Communication networks in these systems can be orga-
nized as mesh or tree structures [51]. Asynchronous circuits
based on quasi-delay-insensitive design principles are used
to implement the communication infrastructure, enabling
power conservation when not in use [51].
8.4. Energy Efficiency

Practical measurements demonstrate that sparse spike
patterns with firing rates below 5% achieve 50-1000× energy
reduction compared to GPU implementations [8]. Neuro-
morphic hardware typically achieves energy consumption
in the picojoule range per synaptic operation compared to
nanojoules for GPUs [4, 52]. The brain consumes approxi-
mately 20 W even during demanding tasks, whereas conven-
tional platforms require significantly more power [52].
8.5. Applications of Neuromorphic Hardware

Neuromorphic hardware has been deployed in multi-
ple domains [4, 52]. Event-based vision applications pair
Dynamic Vision Sensors with spiking networks for gesture
recognition, with systems like TrueNorth identifying hand
gesture onsets with 105 ms latency while consuming less
than 200 mW [52]. Additional applications include brain-
machine interfaces, with NeuroGrid implementing Kalman-
filter-based decoders for closed-loop systems [52], and tem-
poral correlation detection using plastic phase-change mem-
ory synapses [52]. However, these energy advantages ma-
terialize only under specific conditions: sparse spiking ac-
tivity, event-driven workloads where temporal sparsity can
be exploited, and tasks leveraging on-chip learning or local
computation.

9. Applications of SNNs
The practical utility of SNNs ultimately depends on their

performance in real-world applications relative to conven-
tional approaches. This section examines domains where
SNNs have been successfully applied and analyzes their
performance on standard benchmarks.
9.1. Computer Vision

Computer vision represents the most extensively ex-
plored application domain for SNNs, with implementations
ranging from digit recognition to complex object detection
tasks.
9.1.1. Image Classification

On MNIST handwritten digits, both converted and directly-
trained SNNs achieve accuracy exceeding 99%, approaching

conventional ANN performance [4]. However, on more
challenging datasets like CIFAR-10 and CIFAR-100, a
performance gap persists, with the best SNNs reaching ap-
proximately 96% accuracy on CIFAR-10 and 79% accuracy
on CIFAR-100 [12].

Recent advances have substantially narrowed this gap.
Fang et al. [46] demonstrated that SEW-ResNet-152 achieves
69.26% top-1 accuracy on ImageNet using only 4 time steps.
Hu et al. [53] improved this with MS-ResNet-104 achieving
76.02% with 5 time steps. Through conversion methods, Hu
et al. [54] achieved 71.31% with VGG-16 using only 3 time
steps. Rathi and Roy [31] achieved 69% on ImageNet with
VGG-16 using 5 time steps and 93.63% on CIFAR-10 with
6-18× lower energy consumption.

Critical factors contributing to remaining gaps include
[4, 55]: (1) temporal coding inefficiency requiring many time
steps for high precision; (2) limited network depth compared
to state-of-the-art CNNs; (3) training instabilities in deep
SNNs; and (4) architectural suboptimality from directly
adapting CNN designs without exploiting spiking-specific
properties.
9.1.2. Event-Based Vision

SNNs demonstrate particular promise for processing
event-based camera data from Dynamic Vision Sensors
(DVS), which generate events only when brightness changes
occur, making them a natural match for event-driven SNN
computation. On neuromorphic datasets like N-MNIST and
DVS-Gesture, SNNs achieve competitive performance while
offering substantial efficiency advantages [4]. Kheradpisheh
et al. [23] demonstrated that STDP-based convolutional
SNNs effectively process DVS data, learning hierarchical
features through unsupervised learning.
9.1.3. Object Detection

Kim et al. [56] introduced Spiking-YOLO, achieving
63.3 mAP on PASCAL VOC while consuming 280× less
energy than the equivalent ANN on neuromorphic hardware.
However, the network required 128 time steps for compet-
itive accuracy, highlighting latency challenges in complex
detection tasks [56, 4].

(a) Additive White Gaussian
Noise (AWGN)

(b) Motion blur

Figure 6: Examples from the N-MNIST neuromorphic
dataset with different distortions. Event-based cameras natu-
rally capture temporal information, making them well-suited
for SNN processing. Source: Basu et al. [57]
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9.2. Temporal Data Processing
SNNs demonstrate particular strength in processing tem-

poral sequences through their inherent dynamics and mem-
ory properties [10].
9.2.1. Speech and Audio Recognition

Yin et al. [10] evaluated adaptive spiking recurrent neu-
ral networks (SRNNs) on speech recognition benchmarks.
On Spiking Speech Commands (SSC), SRNNs achieved
74.2% accuracy using only 5 time steps, outperforming
LSTM baselines (73.1%). On Spiking Heidelberg Digits
(SHD), bi-directional SRNNs achieved 90.4% accuracy
compared to 87.2% for bi-LSTM, demonstrating that prop-
erly designed recurrent spiking architectures can exceed
conventional RNN performance on neuromorphic audio
data.
9.2.2. Sensor Data and Time-Series

On the Soli radar gesture recognition dataset, SRNNs
achieved 91.9% per-frame accuracy with early classification
capability, recognizing gestures after processing only 25 of
42 frames. Average spike rates remained below 0.05 per
neuron per time step, yielding theoretical energy advantages
of 100-1000× compared to conventional RNNs [10]. For
ECG signal classification (QTDB), SRNNs achieved 85.9%
accuracy using only 46 neurons, demonstrating efficient
processing of physiological signals with minimal resources
[10].
9.3. Autonomous Systems and Robotics

Autonomous driving and robotics represent compelling
domains for SNNs due to requirements aligning with spiking
network strengths: real-time operation with strict power
budgets, ultra-low latency for safety-critical decisions, and
temporal sensor data processing [4, 11].

However, significant challenges remain including ac-
curacy gaps compared to conventional approaches, limited
large-scale neuromorphic driving datasets, and hardware
maturity concerns [11, 4]. Current deployments remain
largely in research settings rather than production systems.
9.4. Computational Neuroscience Applications

Beyond engineering applications, SNNs serve as valu-
able tools for computational neuroscience research. Large-
scale neuromorphic platforms like SpiNNaker enable bio-
logically realistic brain simulations at unprecedented scales.
The SpiNNaker2 system can simulate networks approaching
1% of human brain complexity while maintaining real-time
operation [58], providing insights into neural computation
principles that inform both neuroscience and artificial intel-
ligence.

10. Performance Metrics
This section synthesizes quantitative performance met-

rics across different SNN approaches and discusses practical
considerations for deployment.

Study Task Platform Energy Adv.

[31] Image classif. Neuromorphic 6-18×
[56] Object detect. Neuromorphic 280×
[10] Temporal tasks Theoretical 100-1000×
[8] Various GPU vs. Neuro. 50-1000×

Table 3: Energy efficiency comparisons between SNNs and
conventional ANNs across different studies. Energy advan-
tages vary significantly based on sparsity, hardware plat-
form, and task characteristics.

10.1. Energy Efficiency Analysis
Energy efficiency represents a primary motivation for

SNN research. Table 3 summarizes reported energy advan-
tages across different studies and application domains.

These energy advantages depend critically on several
factors: spiking sparsity, hardware platform (neuromorphic
chips vs. GPU simulation), task temporal characteristics
(streaming vs. static data), and network architecture (depth,
connectivity patterns). Dense or synchronous spiking pat-
terns can eliminate efficiency gains, making algorithm-
hardware co-design essential.
10.2. Accuracy-Efficiency Trade-offs

A fundamental tension exists between accuracy and ef-
ficiency in SNNs. Achieving higher accuracy often requires
more time steps, increasing latency and energy consumption.
Table 4 compares state-of-the-art methods across different
datasets, highlighting the critical role of time steps in deter-
mining computational efficiency.

Recent advances enable SNNs to achieve competitive
accuracy with just 4-10 time steps on static datasets and 10-
20 on neuromorphic datasets, versus 256-2048 steps needed
by earlier methods. This reduction lowers latency and energy
use, improving real-time viability. Key techniques include
surrogate gradients, temporal efficient training, and special-
ized batch normalization.
Method Dataset Time steps Acc. (%)

Direct training methods (low time steps):
PLIF [13] MNIST 8 99.72
TEBN [45] CIFAR-10 6 95.60
TET [59] CIFAR-100 6 74.72
TEBN [45] CIFAR10-DVS 10 84.90

Conversion-based methods (high time steps):
QCFS [36] CIFAR-10 32 96.08
Calibration [35] CIFAR-10 256 95.79
RMP-SNN [9] CIFAR-10 512 93.39
Calibration [35] ImageNet 256 77.50
RMP-SNN [9] ImageNet 2048 73.09

Table 4: Performance comparison of representative SNN
methods. Direct training approaches achieve competitive
accuracy with significantly fewer time steps compared to
conversion-based methods, improving energy efficiency.
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11. Critical Analysis and Future Research
Directions

11.1. Summary of Key Findings
This comprehensive literature review has examined Spik-

ing Neural Networks from multiple perspectives: theoretical
foundations, biological inspiration, information encoding,
learning algorithms, software frameworks, hardware imple-
mentations, practical applications, and metrics comparison.
Several key findings emerge:

Biological Plausibility and Efficiency: SNNs more
faithfully mimic biological neural computation than con-
ventional ANNs, inheriting properties like event-driven
processing, temporal dynamics, and sparse activation that
offer potential efficiency advantages. When deployed on
appropriate neuromorphic hardware with sparse activation
patterns, SNNs can achieve 7-1000× energy savings com-
pared to conventional approaches.

Learning Challenges: The non-differentiable nature of
spiking activations prevents direct application of backprop-
agation, necessitating various approximations or alternative
learning strategies. Current approaches trade off biological
plausibility, training efficiency, and final performance in
different ways. Supervised methods with surrogate gradients
achieve competitive accuracy (up to 77.08% on ImageNet)
approaching ANN performance, while unsupervised STDP-
based methods lag significantly, failing to reach 99% even on
MNIST [23].

Performance Gap on Static Tasks: On standard bench-
marks with static images, SNNs generally achieve lower
accuracy than state-of-the-art ANNs, though this gap has
narrowed substantially with recent advances. Critical factors
include temporal coding inefficiency requiring many time
steps, limited network depth, training instabilities, and archi-
tectural suboptimality from directly adapting CNN designs.

Temporal Processing Strengths: SNNs demonstrate
particular promise for applications involving temporal data,
event-based sensors, strict latency requirements, or severe
energy constraints. On neuromorphic audio and event-vision
tasks, properly designed SNNs can match or exceed con-
ventional RNN/CNN performance while offering substantial
efficiency advantages.

Hardware-Algorithm Gap: While neuromorphic hard-
ware offers impressive efficiency in principle, realizing these
advantages requires careful algorithm-hardware co-design.
Dense or synchronous activation patterns eliminate effi-
ciency gains, and current hardware platforms remain primar-
ily in research rather than production settings.
11.2. Critical Research Gaps and Future

Directions
Despite significant progress, substantial gaps remain in

SNN research that merit focused attention:
11.2.1. Integration of Biological Mechanisms

Most existing SNNs exploit only a subset of known bio-
logical principles without systematic investigation of which
mechanisms matter most. As highlighted by Nunes et al. [4],

concepts like dynamic inhibition/excitation circuits, dimen-
sionality expansion, ON-center/OFF-center receptive fields,
and V1-like hierarchical processing require more extensive
integration with deep SNNs. Future research should system-
atically evaluate which biological mechanisms contribute
most to computational performance versus which primarily
serve other biological functions.
11.2.2. Learning Rule Development

Current learning strategies remain unsatisfactory. Sur-
rogate gradient methods achieve strong performance but
sacrifice biological plausibility and require substantial com-
putational resources for training. STDP and related local
learning rules maintain biological realism but struggle with
deep networks and complex tasks.

Recent meta-learning approaches offer a promising al-
ternative by automatically discovering biologically plausible
plasticity rules constrained by the functions they implement
rather than direct experimental fitting. Confavreux et al.
[60] demonstrated that parameterizing plasticity rules and
optimizing them via supervised learning can successfully
rediscover known rules and reveal families of solutions that
achieve desired network functions through different mecha-
nisms. However, computational scalability to large spiking
networks remains a significant challenge.
11.2.3. Deep Architecture Optimization

Training very deep SNNs comparable to modern CNNs
remains challenging. While this gap has narrowed in re-
cent years, significant obstacles persist. Key issues include
gradient flow degradation through numerous layers and
time steps, as well as the need for architectural innovations
designed specifically for SNNs rather than directly adapted
from ANNs. Further investigation into these challenges
is essential for advancing deep SNN architectures. Re-
search should focus on developing design principles that
exploit spiking-specific properties like temporal dynamics
and event-driven computation.
11.2.4. Attention Mechanisms and Transformers

The integration of attention mechanisms with SNNs has
shown remarkable promise. Yao et al. [47] demonstrated
that multi-dimensional attention can achieve both sparser
spiking activity (84.9% reduction) and improved perfor-
mance (77.08% ImageNet accuracy), even exceeding ANN
counterparts. Critical questions remain regarding optimal
architectural principles for spiking transformers, multi-scale
temporal processing across different timescales, and funda-
mental energy-accuracy trade-offs in spike-form attention
implementations. Given transformers’ dominance in modern
AI, developing efficient spiking transformer architectures
represents a high-priority research direction.
11.2.5. Hardware and Software Infrastructure

Current neuromorphic platforms demonstrate impres-
sive efficiency but face scaling challenges. Key directions
include: scaling to billions of neurons while maintaining effi-
ciency, implementing sophisticated learning rules efficiently
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in hardware, developing accessible programming models,
and establishing standardization for portability across plat-
forms.

On the software side, the proliferation of SNN frame-
works reflects growing interest but also reveals fragmenta-
tion in the field. Recent reviews have identified over nine
data science-oriented frameworks, many PyTorch-based to
leverage GPU acceleration and ease transition from con-
ventional deep learning [50]. However, the lack of a domi-
nant framework comparable to PyTorch or TensorFlow hin-
ders rapid development and knowledge transfer. Establishing
standardized interfaces and comprehensive documentation
remains essential for accelerating neuromorphic research
and deployment.
11.2.6. Dataset and Application Expansion

The limited availability of large-scale neuromorphic
datasets captured with event-based sensors constrains SNN
research. Most studies evaluate SNNs on static image datasets
that do not exploit their temporal processing capabilities.
Developing diverse, large-scale neuromorphic datasets for
various domains would accelerate progress. Additionally,
extending SNNs beyond image classification to natural
language processing, large language models, and reinforce-
ment learning remains limited and represents an important
frontier.
11.3. Emerging Research Directions

Beyond addressing current limitations, the SNN field
is experiencing rapid growth with numerous emerging re-
search directions [11]:
11.3.1. Adversarial Robustness and Security

SNNs exhibit fundamentally different vulnerability pro-
files than ANNs. Sharmin et al. [61] showed that SNNs
demonstrate greater resilience than comparable ANNs on
CIFAR-10 under blackbox FGSM attacks, with robustness
levels varying based on training method. However, Liang
et al. [62] demonstrated that temporal encoding introduces
unique attack surfaces where adversarial perturbations can
target spike timing. These results indicate that SNNs present
a fundamentally different adversarial threat model requir-
ing dedicated security analysis beyond conventional ANN
frameworks.
11.3.2. Continual Learning Without Catastrophic

Forgetting
SNNs’ temporal dynamics align naturally with continual

learning. Dequino et al. [63] demonstrated a two-orders-
of-magnitude reduction in memory requirements compared
to conventional rehearsal-based methods by applying time-
domain compression to latent replay representations. Golden
et al. [64] demonstrated that sleep-like reactivation peri-
ods between training sessions reduce catastrophic forget-
ting in spiking neural networks by preserving previously

learned synaptic weight configurations. These findings po-
sition SNNs as particularly well-suited for continual learn-
ing scenarios where both memory efficiency and forgetting
mitigation are critical.
11.3.3. Biological Neural Dynamics Beyond Point

Neurons
While most SNNs use simplified point neuron mod-

els, biological neurons exhibit richer dynamics including
dendritic computation and bursting behaviors. Biological
synapses also demonstrate complex multi-timescale plas-
ticity mechanisms that may serve memory consolidation
[65, 66]. In artificial networks, Zenke et al. [67] showed
that endowing synapses with memory of their importance
for past tasks enables continual learning with minimal catas-
trophic forgetting. Moving beyond point neurons toward
biologically faithful models with dendritic computation and
complex synaptic dynamics represents a frontier where neu-
roscience insights could fundamentally reshape SNN capa-
bilities.
11.3.4. Hybrid Analog-Digital Systems

Rather than purely digital implementations, hybrid sys-
tems combine analog computation with digital control. Song
et al. [68] achieved 13× energy reduction compared to state-
of-the-art digital ANN transformer accelerators by using
analog in-memory computing for matrix-vector multipli-
cations in feedforward layers while employing lightweight
digital logic for spike-based attention mechanisms and
neuron operations. This motivates exploring heterogeneous
paradigms where different SNN operations leverage special-
ized analog, digital, or mixed-signal implementations for
optimal energy-performance trade-offs.

Conclusion
Spiking Neural Networks represent a compelling ap-

proach to addressing the energy and efficiency challenges
facing modern artificial intelligence while incorporating
principles from biological neural computation. This com-
prehensive review has examined SNNs from theoretical
foundations through practical deployment, synthesizing in-
sights across neuron models, learning algorithms, hardware
implementations, applications, and performance metrics.

Our analysis reveals that SNNs have made substantial
progress toward competitive performance with conventional
deep learning while maintaining potential energy advan-
tages. Recent advances in surrogate gradient training, at-
tention mechanisms, and architecture design have enabled
SNNs to achieve up to 77% accuracy on ImageNet with 7×
energy efficiency compared to equivalent ANNs. On tasks
involving temporal data or event-based sensors, SNNs can
match or exceed conventional network performance while
offering 100-1000× theoretical energy advantages on neu-
romorphic hardware.

However, significant challenges remain. SNNs gener-
ally underperform state-of-the-art ANNs on static image
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classification, with accuracy gaps stemming from tempo-
ral coding inefficiency, training instabilities, and architec-
tural constraints. The non-differentiability of spiking activa-
tions continues to hinder development of biologically plau-
sible learning algorithms that approach supervised learning
performance. Neuromorphic hardware, while demonstrating
impressive efficiency on specific workloads, remains primar-
ily in research settings with limited commercial availability.
Software fragmentation and limited deployment tools con-
strain practical applications.

Looking forward, several research directions appear
particularly promising. Systematic integration of biological
mechanisms like dynamic inhibitory circuits and hierarchi-
cal processing could enhance both efficiency and capability.
Meta-learning approaches to discovering biologically plau-
sible plasticity rules may bridge the gap between STDP-
based and surrogate gradient methods. Spiking transformer
architectures combining attention mechanisms with tempo-
ral dynamics represent a high-priority frontier given trans-
formers’ dominance in modern AI. Hybrid analog-digital
implementations may unlock order-of-magnitude efficiency
improvements beyond purely digital neuromorphic chips.

Beyond incremental improvements, emerging applica-
tions in continual learning, adversarial robustness, and com-
putational neuroscience suggest that SNNs may offer ad-
vantages beyond pure energy efficiency. Their temporal dy-
namics, sparse activation patterns, and biological inspiration
position SNNs as potentially complementary to rather than
merely competitive with conventional deep learning.

The path forward requires continued collaboration be-
tween neuroscience, machine learning, and computer en-
gineering communities. As energy costs and sustainability
concerns intensify for large-scale AI systems, brain-inspired
computing paradigms like SNNs will likely play an increas-
ingly important role in developing the next generation of
efficient, capable artificial intelligence systems. While SNNs
may not replace conventional networks for all applications,
they offer a promising avenue toward sustainable AI that
learns from the brain’s remarkable computational efficiency.
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A. Comprehensive Source Evaluation
This appendix provides critical evaluation of the primary

sources used in this literature review, analyzing their quality,
relevance, and contribution to the field.
A.1. Predatory Journal Verification

All sources were verified against predatory publisher
lists (https://www.predatoryjournals.org) to ensure aca-
demic integrity. No sources from identified predatory venues
were included. Journals were further validated through:

• Presence in major indexing databases (Web of Sci-
ence, IEEE Xplore, PubMed)

• Established peer review processes
• Reputable editorial boards with recognized experts

A.2. Source Quality Distribution
Our literature selection prioritized high-quality, peer-

reviewed publications from reputable venues. The distribu-
tion by venue quality is approximately:

• Top-tier journals/conferences (Q1, Impact Factor
(IF) >10): Roughly 35% of sources, including publi-
cations in Nature Communications, Nature Machine
Intelligence, Science Advances, Proceedings of the
IEEE, and IEEE Transactions on Pattern Analysis and
Machine Intelligence

• High-quality venues (Q1-Q2, IF 5-10): Approxi-
mately 48% of sources, primarily from specialized
journals like Neural Networks, Neurocomputing, IEEE
Transactions on Neural Networks and Learning Sys-
tems, Neural Computation, and major conferences
including NeurIPS, ICCV, CVPR, IJCAI, ICML, and
AAAI

• Reputable venues (Q2-Q3): Roughly 17% of sources,
selected for specific technical contributions not avail-
able in higher-tier venues, including Neural Process-
ing Letters, Neuromorphic Computing and Engineer-
ing, Memetic Computing, and IEEE Access

These estimates reflect the overall quality distribution
without manual verification of each publication’s current
metrics, which may vary by year and indexing service. We
emphasize that this approximation represents the only source
of uncertainty in our methodological framework; all other
aspects of this work are based on precise, verifiable data and
analysis.

A.3. Temporal Coverage Analysis

Figure 7: Histogram of the number of publications by year
used in this work

Our temporal distribution ensures coverage of both foun-
dational concepts and recent advances:

1. Classic (1926, 1949 and 1973 ): 4.41% of sources,
only 3 sources

2. Foundational (1997-2012): 19.12% of sources
3. The Deep Learning Paradigm Shift (2015-2018):

14.71% of sources
4. Modern approaches (2019-2022): 45.59% of sources
5. Recent state-of-the-art (2023-2025): 16.18% of sources

A.4. Source Limitations
Despite careful selection, several limitations exist in our

source base:
1. Academic bias: Limited coverage of industrial neu-

romorphic hardware implementations and proprietary
architectures, as commercial developments are often
not publicly disclosed in detail

2. Publication lag: Recent developments (2025) may
not yet appear in peer-reviewed venues, which would
require the use of preprints

3. Language bias: English-only sources may miss sig-
nificant work published in other languages. For exam-
ple, China is a leading force in artificial intelligence
research, and some relevant papers may only be avail-
able in Chinese.

A.5. Conclusion on Source Quality
This source collection demonstrates strong method-

ological rigor through systematic verification and quality
standards. The distribution across publication venues and
timeframes ensures both theoretical depth and contemporary
relevance. While inherent limitations exist in any peer-
reviewed literature review, the curated sources provide a
reliable and comprehensive foundation for understanding the
current state of spiking neural networks.

B. Individual Work Statement
B.1. Authorship

This literature review was completed entirely by Juan
Arturo Abaurrea Calafell as a single-author project. All
research, analysis, writing, and documentation tasks were
performed individually without collaboration.
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B.2. Task Breakdown by Phase
The total time investment for this project, even though

difficult to quantify precisely, exceeded 60 hours, distributed
across overlapping phases:

Table 5: Distribution of effort across project phases

Phase Time (%)

Literature Research 15%

Reading 45%

Writing 30%

Revision 10%

The research process was not strictly sequential; phases
overlapped as new sources revealed gaps requiring addi-
tional literature search.
B.3. Rationale for Individual Work

This project was undertaken individually for three pri-
mary reasons:

1. Personal interest: The project created a concrete
opportunity to satisfy intellectual curiosity about a
field of longstanding interest.

2. Topic specificity: Spiking Neural Networks represent
a specialized research area combining neuroscience,
biology, machine learning, and computer engineering.
No other students in class shared this specific interest.

3. Research trajectory: This literature review serves as
foundational preparation for potential Master’s thesis
research in brain-inspired computing. Conducting the
review individually ensures comprehensive personal
mastery of the field.

B.4. Research Ethics and Academic Integrity
All sources were properly cited according to academic

standards. No plagiarism detection issues are expected as
all technical content was synthesized in my own words
with appropriate attribution. Figures adapted from published
sources include explicit citation and modification state-
ments. The mathematical formulations, while standard in the
field, were typeset independently with references to source
papers where equations first appeared.
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