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Abstract

Spiking Neural Networks (SNNs) have emerged as a promising paradigm for energy-efficient neuro-
morphic computing, particularly when processing asynchronous event streams from dynamic vision
sensors (DVS). However, SNNs often suffer from limited representational capacity and suboptimal
feature recalibration compared to their artificial counterparts. To address these challenges, we propose
SE-SNN, a novel architecture that integrates Squeeze-and-Excitation (SE) blocks into deep residual
SNNs, enabling channel-wise attention without spike generation in the gating mechanism. Further-
more, we introduce a Robust Parametric Leaky Integrate-and-Fire (RobustPLIF) neuron model with
learnable membrane time constant (7) and firing threshold (Vy,), allowing adaptive temporal dynam-
ics per layer. Our model is trained on the CIFAR10-DVS dataset.Experimental results demonstrate
that SE-SNN achieves state-of-the-art accuracy of 78.8 % on CIFAR10-DVS with only 16 time steps,
significantly outperforming baseline SNNs while maintaining biological plausibility and hardware
efficiency. Ablation studies confirm the individual contributions of SE blocks and learnable neuron
parameters to performance gains.

Keywords: Spiking Neural Networks; neuromorphic computing; Squeeze-and-Excitation; learnable
neuron dynamics; event-based vision; CIFAR10-DVS

1. Introduction

Spiking Neural Networks (SNNs) have garnered extensive attention in recent years owing to
their superior biological interpretability, lower power consumption, and lower latency. As a distinctive
feature, SNNs employ discrete spike events for information transmission and exhibit sparse activation
properties [1]. These characteristics not only enable ultra-low power consumption and low latency but
also endow SNNss with a unique capability to capture key features in dynamic time-series data, thereby
demonstrating enormous application potential [2]. Specifically, SNNs possess prominent event-driven
sparsity: their neurons strictly adhere to a spike-triggered mechanism, where spike signals are gener-
ated only when the accumulated membrane potential exceeds the firing threshold. This biologically
realistic "fire-rest” dynamic trait allows the neural network to maintain highly sparse activation in
both spatial and temporal dimensions (i.e., spatiotemporal sparsity), and measurements have shown
that it can reduce synaptic operation energy consumption by up to 60-80% [3]. Consequently, SNNs
outperform traditional artificial neural networks (ANNSs) in processing dynamic and continuous
signal data, particularly displaying obvious advantages in tasks requiring efficient temporal feature
processing, such as action recognition and speech processing [4,5]. With the continuous advancement
of computing power, SNNs have been widely applied in various fields including image processing
and signal recognition, further highlighting their great potential in low-power and efficient computing
[6,7].

As the third generation of neural networks, SNNs differ significantly from traditional ANNSs in
terms of their constituent units, input-output methods, and operating mechanisms [8]. SNNs use
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spike signals as information carriers, and their neurons transmit and process information through
discrete spike events, exhibiting strong temporal dynamic characteristics that are closer to the operating
mechanisms of biological nervous systems in multiple aspects [9]. Firstly, SNNs adopt spike signals as
the basic unit for information transmission, encoding information through the timing and frequency
of spike emissions. This discrete, time-dependent information transmission method enables them to
process spatiotemporal dynamic data more efficiently [10]. Secondly, neuronal activity in SNNs is
sparse and event-driven, with spikes emitted only when receiving input signals of sufficient intensity,
which confers significant low-power consumption advantages. Additionally, the learning algorithms of
SNNss are based on biological principles, enabling more natural neural plasticity. These characteristics
enable SNNs to exhibit great potential in simulating brain neural signal processing, handling complex
spatiotemporal tasks, and achieving low-power computing, thus being widely recognized as an
important direction in neural network development and representing the core features of the third
generation of neural networks [11].

Currently, the learning methods of SNNs are mainly categorized into two types: the ANN-to-SNN
conversion method and direct training [12]. Traditional ANNs inherently involve redundant computa-
tions, which inevitably increase computational costs during data processing. Both the conversion of
ANNSs to SNNs and the direct training of SNNs based on backpropagation supervised learning rules
require substantial labeled data for model training, accompanied by high computational overhead.
These methods still exhibit a considerable gap compared with the event-driven, efficient information
processing mechanisms of biological neural systems. Despite recent advancements in conversion-
based approaches and direct training methods, SNNs still lag behind ANNs in accuracy when tackling
complex visual tasks. Two key limitations account for this performance gap: (1) the fixed dynamics
of neurons fail to adapt to layer-specific feature statistics, and (2) the lack of explicit mechanisms for
modeling inter-channel dependencies, which is critical for discriminative feature learning [13].

Moreover, SNNss still confront significant challenges in training algorithm performance, parameter
optimization, and network architecture design, which severely restrict their performance improvement
and practical application promotion [14]. Specifically, the existing challenges of SNNs include the lack
of effective training algorithms, the need for refined parameter optimization, and the requirement
for adaptive adjustments to network architectures. Research on training algorithms [15] primarily
addresses the issue that gradient descent algorithms cannot be directly applied to SNNs due to the
non-differentiable nature of spike firing functions. Research on parameter optimization [16] aims
to further enhance the accuracy and reduce the latency of SNNs. In terms of network architecture
adjustments [17], the asynchronous information processing driven by spike events differs significantly
from the synchronous continuous-value processing in ANNSs. Therefore, when leveraging ANN
architectures to construct SNNs, corresponding modifications to the network architecture are often
indispensable. Typical adjustments include improvements to residual connections, pooling layers, and
Batch Normalization (BN) methods. These adjustments adapt to the characteristics of spike signals
by redesigning the input and output forms of each layer, thereby enabling the effective application of
such architectures in SNNs [18].

Nevertheless, existing SNN architectures still have numerous shortcomings. Some architectures
merely treat spiking neurons as a special type of activation function, ignoring the temporal correlation
between spikes and thus failing to fully utilize the spatiotemporal characteristics of SNNs. Others
neglect the binary nature of spike sequences during information transmission, leading to inaccurate
inter-layer data propagation and even information loss [19].

Event-based cameras, such as Dynamic Vision Sensors (DVS), capture visual information as
asynchronous streams of sparse "events" triggered by pixel-level intensity changes. This paradigm
offers advantages in high temporal resolution, low latency, and energy efficiency over conventional
frame-based cameras [20]. Inspired by biological neural systems, SNNs naturally align with such
asynchronous data due to their event-driven computation and temporal coding capabilities. We
implemented our model using the SpikingJelly framework [21] and evaluated it on the challenging
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CIFAR10-DVS dataset [22]. Our training protocol incorporates Mixup, EMA, and robust learning
rate scheduling to stabilize the optimization process. The proposed SE-SNN achieves competitive
performance with minimal computational overhead, demonstrating the effectiveness of attention
mechanisms and adaptive neuron models in SNNs.

To bridge the aforementioned gaps, we propose three synergistic innovations:

* A learnable robust PLIF neuron (RobustPLIF) with trainable T and Vj,, enabling automatic
adjustment of temporal integration and spiking behavior.

¢ Integration of Squeeze-and-Excitation (SE) blocks [23] into SNN residual blocks, where the SE
module operates on membrane potentials (not spikes) to generate channel-wise attention weights
via standard differentiable operations.

e  Experimental results demonstrate that SE-SNN achieves a state-of-the-art accuracy of 78.8 % on
CIFAR10-DVS.

The remainder of this paper is organized as follows: Section 2 presents a brief review on background of
Neural Encoding, Network Structures, and Learning Algorithms for SNNs. In Section 3, the details of
the proposed algorithm are elaborated. Comprehensive study and experimental results are discussed
in Section 4, and finally, Section 5 provides concluding remarks of the study.

2. Related Work
2.1. Neural Encoding Schemes

The translation of analog signals into discrete spike trains, known as neural encoding, constitutes a
fundamental operation in Spiking Neural Networks (SNNs). Unlike conventional Artificial Neural
Networks (ANNSs) that process continuous-valued activations, SNNs rely on sparse, binary spike
events, necessitating explicit encoding mechanisms to interface with real-world sensory data [24]. The
choice of encoding strategy profoundly impacts the trade-off between computational efficiency, tem-
poral precision, and biological plausibility. Table 1 summarizes the characteristics of major encoding

schemes.
Table 1. Comparison of Neural Encoding Schemes in SNNs
Encoding Scheme Temporal Precision Energy Efficiency Noise Robustness Primary Applications
Static image
Rate Coding [25] Low Low High classification, ANN
conversion
TTFS/Latency . . . Real-time processing,
Coding [26] High High Medium event-based vision
. . . . Rapid categorization,
Rank-Order Coding [27] High High High olfaction
Phase Coding [28] High Medium Medium Navigation, temporal
pattern recognition
. . . . Biomedical signals,
ZA Encoding [29] Medium High High wearable devices

2.1.1. Rate Coding and Population Coding

Rate coding represents one of the earliest and most widely adopted encoding paradigms, rooted in
the seminal work of Adrian and Zotterman (1926), which demonstrated that sensory neurons modulate
their firing frequency in proportion to stimulus magnitude. In this scheme, continuous-valued inputs
(e.g., pixel intensities) are mapped to spike frequencies or emission probabilities, typically modeled as
Poisson processes.

The primary advantages of rate coding lie in its straightforward implementation and inherent
robustness to noise, making it particularly suitable for hardware deployments and ANN-to-SNN
conversion frameworks. However, this approach suffers from significant limitations: it fails to exploit
temporal information embedded in spike timing and often necessitates long observation windows to
achieve accurate representations, thereby increasing latency and energy consumption [29]. Population
coding extends rate coding by distributing information across the activity patterns of multiple neurons,

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2189.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 March 2026 d0i:10.20944/preprints202603.2189.v1

40f18

improving robustness through redundancy and enabling the encoding of complex, multidimensional
features [30].

2.1.2. Temporal Coding Schemes

In contrast to rate-based approaches, temporal coding leverages the precise timing of individ-
ual spikes to represent information, offering potentially higher information capacity and energy
efficiency [31]. Several variants of temporal coding have emerged:

Time-to-First-Spike (TTFS) Coding

Also known as latency coding, TTFS encodes stimulus intensity by the timing of the first emitted
spike, where stronger stimuli elicit earlier spikes [26]. This approach achieves remarkable sparsity
(often single-spike encoding) and rapid inference, making it ideal for time-critical applications such
as event-based vision and real-time sensory processing [29]. However, TTES exhibits heightened
sensitivity to timing jitter and hardware variability, requiring high-precision temporal resolution [30].

Rank-Order Coding

This scheme encodes information based on the relative ordering of spikes across a neural popula-
tion rather than their absolute timings. Rank-order coding demonstrates strong robustness to noise
and has been effectively applied to rapid visual categorization tasks.

Phase Coding

Phase coding embeds information in the phase relationship between spikes and an underlying
oscillatory reference signal. This mechanism has found applications in spatial navigation, olfactory
processing, and robotics, offering dense information packing per spike.

2.1.3. Delta Modulation and Event-Driven Encoding

Delta modulation represents an event-driven encoding strategy where spikes are generated only
when the temporal change in input intensity exceeds a predefined threshold. This approach inherently
filters static background activity, transmitting pulses exclusively for salient changes in the sensory
stream. Delta modulation is particularly well-suited for dynamic sensor data (e.g., video streams,
wearable biomedical sensors) and aligns naturally with the operational principles of neuromorphic
vision sensors such as the Dynamic Vision Sensor (DVS). Nevertheless, this encoding is unsuitable for
static inputs (e.g., still images) in the absence of temporal variation, which may result in information
loss [24].

2.1.4. Hybrid and Learned Encoding Approaches

Recent advances have witnessed the emergence of hybrid encoding schemes that combine the
complementary strengths of rate and temporal codes. For instance, bit-plane decomposition inte-
grated with rate coding has demonstrated enhanced performance in deep SNN architectures [30].
Additionally, A encoding has gained traction for processing dynamic signals in energy-constrained
neuromorphic platforms, offering noise shaping capabilities and significant energy savings through
feedback-loop mechanisms [29].

Furthermore, the advent of surrogate gradient learning has enabled the optimization of encoding
schemes in an end-to-end manner. Approaches such as learned binary embeddings and direct input
coding allow the network to adaptively determine optimal spike representations for specific tasks,
blurring the traditional boundaries between encoding and processing stages.

2.2. SNN Architectures and Network Structures

The architectural design of SNNs has evolved significantly, transitioning from shallow biologically-
inspired models to deep, high-performance structures capable of competing with conventional ANNs
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on complex tasks. Modern SNN architectures can be broadly categorized into feedforward networks,
recurrent architectures, and hybrid structures incorporating attention mechanisms.

2.2.1. Feedforward and Convolutional Architectures

Feedforward SNN, particularly Spiking Convolutional Neural Networks (SCNNs), represent the
most prevalent architecture for static image classification tasks. These networks typically employ leaky
integrate-and-fire (LIF) neurons within convolutional layers to extract hierarchical spatial features.
However, the direct application of traditional residual connections to SNNs often results in network
degradation as depth increases, primarily due to the non-differentiable nature of spike generation [32].

To address these limitations, Fang et al. [32] proposed SEW-ResNet (Spike-Element-Wise ResNet),
which modifies residual blocks to accommodate binary spike activations, enabling successful training
of deep SNNs with over 50 layers. Concurrently, Hu et al. [33] introduced alternative residual block
designs specifically optimized for spiking neurons. Zheng et al. [34] further extended network
depth by proposing threshold-dependent batch normalization (tdBN), which calibrates neuronal
thresholds adaptively during training. These architectural innovations have substantially narrowed
the performance gap between deep SNNs and ANNSs on benchmarks such as CIFAR-10 and ImageNet.

2.2.2. Recurrent Architectures and Reservoir Computing

Recurrent SNNs incorporate feedback connections that enable the maintenance of internal states
and memory of past inputs, making them inherently suitable for temporal sequence processing [35].
A prominent example is the Liquid State Machine (LSM), a reservoir computing paradigm proposed by
Maass et al. [36]. The LSM consists of a randomly connected recurrent network of spiking neurons (the
“liquid”) that projects input signals into a high-dimensional dynamical space, followed by a trainable
readout layer.

The LSM exhibits the fading memory property, allowing it to retain information about past inputs
beyond the short-term integration time constants of individual neurons [36]. Recent work has
explored hybrid architectures combining LSM with unsupervised learning mechanisms such as Spike
Self-Organizing Maps (SOM) for visual clustering, achieving competitive performance on MNIST
and speech recognition tasks without labeled data [37]. Additionally, Echo State Networks (ESNs)
with spiking neurons have been investigated, where fixed random weights satisfying the echo state
property ensure that network dynamics are driven predominantly by input signals.

Despite their biological plausibility and computational capabilities, recurrent SNNs present
significant challenges in training due to complex dynamics and the difficulty of credit assignment
through time.

2.2.3. Transformer and Attention-Based Architectures

The success of attention mechanisms in ANNSs has motivated their adaptation to SNNs. Spiking
Vision Transformers (SVT) and spatio-temporal self-attention mechanisms have been developed to cap-
ture long-range dependencies in visual data [38]. Recently, Zhou et al. [39] proposed Spikingformer,
which integrates bio-plausible spiking dynamics with transformer architectures, demonstrating that
attention mechanisms can be effectively implemented with sparse spike-based communications.

Hybrid architectures combining convolutional and attention layers have also emerged. For
instance, the Efficient Spatio-Temporal Spiking Transformer (ESTSformer) optimizes the trade-off
between computational cost and representational capacity by leveraging factorized attention mecha-
nisms [40]. These architectural innovations have expanded the applicability of SNNs to tasks requiring
global context understanding, such as video analysis and multi-modal fusion.

2.3. Learning Algorithms for SNNs

The development of effective learning algorithms represents the central challenge in advancing
SNNs. The non-differentiable nature of the spike generation function (typically a Heaviside step func-
tion) precludes the direct application of standard backpropagation, necessitating specialized training
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methodologies [41]. Current approaches can be taxonomically divided into three principal categories:

biologically-inspired unsupervised learning, indirect supervised learning via ANN conversion, and

direct supervised learning using surrogate gradients (as illustrated in Figure 1).

SNN Learning

Algorithms

Unsupervised

Bio-inspired

STDP

Spike-Timing-Dependent

Plasticity

Bio-plausible

No Labels

Indirect Supervised

ANN Conversion

Weight anping

Direct Transfer &

Normalization

High Accuracy

High Latency

Direct Supervised

Surrogate Gradient

STBP

Spatio-Temporal

Backpropagation

Low Latency

High Performance

Figure 1. Taxonomy of SNN learning algorithms. The three main branches include: (1) Biologically-plausible

unsupervised learning (e.g., STDP); (2) Indirect supervised learning via ANN-to-SNN conversion; and (3) Direct

supervised learning using surrogate gradient methods.

Table 2 provides a comparative overview of learning algorithms.

Table 2. Comparison of SNN Learning Algorithms

Learning Paradigm Supervision Latency Accuracy P]i;?lls(ilgallilatly
STDP [42] Unsupervised Low Low High
ANN-to-SNN . . .

Conversion [43] Supervised Very High Very High Low
Surrogate Gradient . . .
(BPTT) [41] Supervised Low High Medium
Hybrid (Conversion + . . . .
Fine-tuning) [44] Supervised Medium Very High Medium
Local Supervised Supervised Low Medium High

Learning [45]

2.3.1. Biologically-Inspired Unsupervised Learning

Unsupervised learning algorithms in SNNs draw inspiration from biological synaptic plasticity
mechanisms, most notably Spike-Timing-Dependent Plasticity (STDP) [42]. STDP adjusts synaptic
weights based on the precise temporal correlation between pre- and post-synaptic spikes: if a presy-

naptic spike precedes a postsynaptic spike, the synapse is potentiated; otherwise, it is depressed. This

local learning rule requires no labeled data and can be implemented in an event-driven, online fashion,

making it highly attractive for neuromorphic hardware deployment.
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Variants of STDP, including reward-modulated STDP (R-STDP) and triplet-STDP, have been
developed to stabilize learning and incorporate global reward signals. However, purely STDP-based
approaches are generally limited to simple feature extraction and clustering tasks, struggling with
complex pattern recognition due to the absence of global error signals. Consequently, unsupervised
STDP is often employed for pre-training or feature learning in hybrid training pipelines.

2.3.2. Indirect Supervised Learning: ANN-to-SNN Conversion

ANN-to-SNN conversion offers an alternative pathway to obtain high-performance SNNs without
directly confronting the non-differentiability problem. This approach involves training an equivalent
ANN using conventional backpropagation, followed by mapping the trained weights and architecture
to an SNN with rate-based coding. The conversion process typically requires replacing ReLU activa-
tions with IF (Integrate-and-Fire) neurons and adjusting firing thresholds to match ANN activation
distributions.

Conversion methods have achieved near-lossless accuracy on ImageNet and other challenging
datasets, often utilizing hundreds to thousands of time steps to approximate real-valued activations
with spike rates. Recent advances include threshold-balancing techniques, weight-normalization
strategies, and layer-wise calibration methods to minimize conversion error. However, the primary
limitation remains high inference latency: the converted SNNs require extensive temporal windows to
accumulate sufficient spike counts for accurate prediction, diminishing the energy efficiency and rapid
inference benefits inherent to SNNs [44].

To mitigate latency issues, recent work has explored hybrid approaches that combine conversion
with direct training. For instance, Rathi et al. [44] proposed spike-timing-dependent backpropagation
(STDB), which initializes SNNs with converted ANN weights and subsequently fine-tunes them using
surrogate gradients, achieving 10x speedup compared to pure conversion methods while maintaining
comparable accuracy.

2.3.3. Direct Supervised Learning with Surrogate Gradients

Direct training of SNNs via gradient descent has emerged as the dominant paradigm for achieving
high performance with low latency [41]. The key innovation is the surrogate gradient (SG) method,
which circumvents the non-differentiability of spike generation by substituting the derivative of the
Heaviside function with a smooth approximation during the backward pass.

Formally, consider a spiking neuron with membrane potential U(t) and output spike S(t) =
O(U(t) — 0), where O is the Heaviside step function and ¢ is the firing threshold. The surrogate
gradient method approximates the gradient STSI using a differentiable surrogate function, such as:

8 1 1
U~ ml+ (n(U—09))?

(Arctangent surrogate) (1)

or piecewise linear functions [46,47]. This approximation enables the application of Backpropagation
Through Time (BPTT) to optimize SNN parameters over both spatial and temporal dimensions [41,47].

The surrogate gradient approach has facilitated the development of deep SNNs with architectures
analogous to state-of-the-art ANNSs, including ResNet [32], VGG [34], and Transformers [48]. Notable
algorithmic refinements include:

*  Spatio-Temporal Backpropagation (STBP): Simultaneously optimizes spatial and temporal
dependencies by unrolling the computation graph across time steps [47];

e  Recurrent Backpropagation: Extends BPTT to handle recurrent connections and hidden state
dependencies [49];

®  Sparse Surrogate Gradients: Introduces sparsity constraints during training to reduce computa-
tional overhead while maintaining accuracy [50].

Despite these advances, surrogate gradient methods face challenges including gradient approxi-
mation errors, temporal credit assignment over long sequences, and sensitivity to hyperparameter
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choices such as surrogate function shape and time step duration [50]. Recent work has explored
adaptive surrogate functions that adjust their shape during training to better approximate the true
gradient, as well as hybrid training strategies combining surrogate gradients with local learning rules
to improve biological plausibility.

2.4. Comparative Analysis and Research Trends

Current research trends indicate a convergence toward hybrid approaches that synthesize the
strengths of multiple methodologies. For instance, architectures combining feedforward and recurrent
elements (e.g., Convolutional LSMs) leverage the feature extraction capabilities of CNNs with the
temporal memory of reservoir computing [37]. Similarly, training strategies increasingly integrate
surrogate gradients with bio-plausible constraints to achieve both high performance and neuromorphic
efficiency [51]. The ongoing challenge remains to develop algorithms and architectures that simultane-
ously optimize for accuracy, latency, energy efficiency, and biological interpretability a multi-objective
optimization problem that continues to drive innovation in the field [24].

3. Methodology

In this section, we present the detailed architecture of our proposed SE-SNN (Squeeze-and-
Excitation Spiking Neural Network), a deep residual SNN enhanced with channel attention mecha-
nisms for robust event-based object recognition. We first introduce the robust neuron model, followed
by the SE-ResNet architecture, temporal integration strategy, and comprehensive training pipeline.
The overall architecture is shown in Figure 2.

Input DVS Event Stream
Shape: (N, T=16, 2, 128, 128)

Initial Convolution
Conv2d(2-64, 3x3) + BatchNorm + PLIF + MaxPool(2x2)

Spatial: 64x6 Layer 1: 2x SE-ResBlock
n Channels 64, Stride: 1, Dropout: 0.1

ial: r 2: 2x SE-ResBlock
SERELR S22 Channelsy128 Stride: 2, Dropout: 0.2

ial: r 3: 2x SE-ResBlock
S I - Channela! 358 Strider 3. Bropout: 0.3

e r 4: 2x SE-ResBlock
Spatialiexs Channei2) $13; 3itide: 3 Dropout: 0.3

Temporal
Max Pool Temporal Integration
AdaptiveAvgPool2d(4x4) + Max Pooling over T dimension

Classification Head

Flatten - Dropout(0.5) - FC, 8192—»1024) - PLIF »
Dropout(0.5) -» FC(1024-10)

Output Logits
Shage (N, gl ()]

Figure 2. SE-SNN Overall Architecture for DVS-CIFAR10 Classification.

The detailed architectural configuration of the proposed SE-SNN is summarized in Table 3.
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Table 3. Detailed Architecture Configuration of SE-SNN
Stage Layer Configuration Output Size Stride SE Params
Input - D}IS event (N,T,2,128,128) - - -
rames
Conv 3 x3,64 (N, T,64,128,128) 1 No 1,152
Stem BN - - - - 128
T =100, vy = i i B
PLIF 04 2
MaxPool 2x2 (N, T,64,64,64) 2 - -
Laverl SE-ResBlock [3 % 3,64] x 2 (N, T,64,64,64) 1 Yes 74,240
aye SE-ResBlock [3 % 3,64] x 2 (N, T,64,64,64) 1 Yes 74,240
L 5 SE-ResBlock [3%3,128] x 2 (N, T,128,32,32) 2 Yes 262,784
ayer SE-ResBlock [3x3,128] x2  (N,T,128,32,32) 1 Yes 262,784
Laver3 SE-ResBlock [3%x3,256] x 2 (N, T,256,16,16) 2 Yes 1,049,088
Y SE-ResBlock [3x3,25] x2 (N, T,256,16,16) 1 Yes 1,049,088
Laverd SE-ResBlock [3x3,512] x 2 (N, T,512,8,8) 2 Yes 4,195,840
Y SE-ResBlock [3x3,512) x 2 (N,T,512,8,8) 1 Yes 4,195,840
Neck AdaptiveAvgPool (4,4) (N, T,512,4,4) - - -
ec TemporalMax max over T (N,512,4,4) - -
Flatten - (N, 8192) - - -
Head Dropout p=05 - - - -
FC + PLIF 8192 — 1024 (N,1024) - - 8,389,632
Dropout p=05 - - - -
FC 1024 — 10 (N,10) - - 10,250
Total Parameters 19,566,066

3.1. Robust PLIF Neuron Model

Unlike conventional Leaky Integrate-and-Fire (LIF) neurons with fixed hyperparameters, we
propose a Robust Piecewise Linear Integrate-and-Fire (PLIF) neuron where both the membrane time
constant T and firing threshold vy, are learnable parameters optimized during training.

Membrane Dynamics

The subthreshold dynamics of our robust PLIF neuron follow:

do(t)
dt

T = —(v(t) — Vrest) + I(1), ()

where vyt = 0 is the resting potential, I(t) represents the input current, and 7 € R is the learnable
time constant controlling the leakage rate.

Firing Mechanism

When the membrane potential exceeds the learnable threshold vy, the neuron emits a spike:

1, ifo(t) > vy,

s(t) =0O(v(t) —vy) =
® (o(t) ) 0, otherwise,

where O(-) is the Heaviside step function. After firing, the membrane potential is reset to Uyest.

Surrogate Gradient

To enable backpropagation through the non-differentiable spike function, we employ the ArcTan-
gent surrogate gradient:
ds «

dv 2[1 + (Za(v— vth))Z}

, (4)

where & = 2.0 controls the steepness of the gradient. In SNNs, detach_reset is a key parameter used to
control whether the computation graph of the reset operation is detached during the backpropagation
process, thereby avoiding gradient interference caused by the reset operation in gradient calculation.
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We set detach_reset=True to prevent gradient flow through the reset mechanism while maintaining
temporal dependency.

Parameter Constraints

To ensure stable dynamics, we apply hard constraints during optimization:
T € [1.0,20.0], vy, € [0.2,0.8]. (5)
These constraints are enforced via projection after each gradient update.

3.2. SE-ResNet Architecture

Our network follows a residual architecture with channel-wise attention modules specifically
designed for spiking neural networks. The overall structure comprises an initial convolutional stem,
four stages of SE-Residual blocks with progressive channel expansion, and a classification head with
temporal aggregation. The forward propagation implementation of SE-SNN is detailed in Algorithm 1.

Algorithm 1 SE-SNN Forward Propagation

Require: Event stream X' € RN*T*2xH*W Network parameters 0, Time steps T
Ensure: Logits Y € RN*Nas

1: Initialize empty list O < []

2: fort =1to T do

3: Xt X[, 8,0 > Extract ¢t-th frame
4: h + InitConv(x;) > Conv(2—64, 3x3)+BN+PLIF+MaxPool
5. h « Layerl(h) > SE-ResBlock x2, 64 channels
6:  h <« Layer2(h) > SE-ResBlock x2, 128 channels, stride 2
7. h <« Layer3(h) > SE-ResBlock x2, 256 channels, stride 2
8: h « Layer4(h) > SE-ResBlock x2, 512 channels, stride 2
9:  h + AdaptiveAvgPool2d(h, (4,4))

10:  Append hto O

11: end for

12: H « stack(O,dim = 1) > Shape: [N, T,512,4, 4]

13: F < max(H, dim = 1).values > Temporal max pooling

14: Y < Classifier(F) > Flatten + FC(8192—1024) + PLIF + Dropout + FC(1024—10)

15: return Y

3.2.1. Squeeze-and-Excitation for SNNs

Traditional SE blocks operate on activation maps in ANNSs. In SNNs, we adapt this mechanism
to operate on membrane potentials rather than binary spikes, preserving continuous information for
effective channel recalibration.

NxCxHxW

Given an intermediate membrane potential tensor X € R at a specific time step, the SE

module performs:

Squeeze Operation

Global average pooling aggregates spatial information into a channel descriptor z € RN*C:

: i ﬁ
Zc = Xc,i,j/ c=1,...,C. (6)
HxW D5

Excitation Operation

A bottleneck architecture learns channel-wise dependencies:

s = (W5 - ReLU(Wj - 2)), (7)
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where Wy € R7*€ and W, € RC*% are learnable weights with reduction ratio r = 16, and o(-)
denotes the sigmoid function.

Scaling Operation

The final output is obtained by channel-wise multiplication:

Xeij = Se* Xejij- 8)

3.2.2. SE-Residual Block

Each residual block consists of two convolutional layers with SE attention and skip connections:

h1 = PLIF(BN(COHV3X3(X))), (9)
h; = SE(BN(Convs3(Dropout(h;)))), (10)
y= PLIF(hZ + Fshortcut(x))/ (11)

where Fjorcut 1S an identity mapping or 1 x 1 convolution with batch normalization when spatial
dimensions or channel numbers change.
The forward pass implementation of SE-Residual Block is detailed in Algorithm 2.

Algorithm 2 SE-Residual Block Forward Pass

Require: Input membrane potential x, In channels C;,,, Out channels C,, Stride s, Use SE flag I,
Dropout rate p

Ensure: Output membrane potential y

1: identity + x

out < Conv2d(x, Cout, kernel = 3, stride = s, padding = 1)

out < BatchNorm2d(out)

out < PLIF(out)

if p > 0 then
out < Dropout2d(out, p)

end if

out < Conv2d(out, Cyy¢, kernel = 3, stride = 1, padding = 1)

out < BatchNorm2d(out)

if [sg = True then
z < AdaptiveAvgPool2d(out, (1,1)) > Squeeze: global spatial avg
z < Flatten(z) > Shape: [N, Cout]
w <« Linear(z, Co,t/ /16) > Reduction
w < ReLU(w)
w < Linear(w, Coy¢) > Expansion
w < Sigmoid(w) > Excitation: channel weights
out < out X w.view (N, Cyyt,1,1) > Scale

: end if

. if s £ 1 or C;, # Coyt then

identity «+ Conv2d(x, Cyyt, kernel = 1, stride = s)

identity + BatchNorm2d(identity)

: end if

: out < out + identity > Residual connection

y < PLIF(out) > Final activation

: returny

NN RN RN NDNDR B 2 2 = = 3 1 =
SIS I N T o SR - B AR L S S el s

3.3. Temporal Information Integration

For an input event stream X € RN*TxCinxHxW

with T time steps, we process each frame
independently through the spatial network fy(-) and aggregate temporal information via max pooling

over time:
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Fagg = te?}ii(T}{fe (Xt)}/ (12)

where X; € RN*CinxHXW denotes the frame at time t. This strategy emphasizes salient events while
suppressing background noise, outperforming conventional average firing rate encoding.

The aggregated features F,¢¢ are then fed into the classification head comprising fully-connected
layers with dropout and PLIF activation.

3.4. Training Pipeline
3.4.1. Mixup Data Augmentation

To improve generalization on event-based data, we apply Mixup [52] in the input space:

A~ Beta(w,a), a«=02, (13)
%= Ax; + (1 - M), (14)
7=MAyi+(1—-A)y, (15)

where (x;, y;) and (x;,y;) are two randomly sampled training examples.

3.4.2. Exponential Moving Average (EMA)

Exponential Moving Average (EMA) is a weighted moving average indicator widely used in
financial technical analysis and deep learning optimization. Its core feature is that it assigns higher
weights to recent data, thereby more sensitively reflecting changes in trends. We maintain an EMA
model 0gpr4 alongside the training model 6:

6Ura =7 0l + (1 —7)- 60, (16)

with decay rate v = 0.995. The EMA model is used for validation and final evaluation, providing more
stable predictions.

3.5. Complexity Analysis
Computational Cost

For an input with T time steps, the total floating-point operations (FLOPs) are:

L

FLOPs = T x (Z FLOPsspaﬁaLl> + FLOPStemporal + FLOPSpead, (17)
=1

where L = 4 is the number of residual stages. The temporal aggregation adds negligible overhead
(O(N-T-C-H-W)).

Memory Footprint

During training, we maintain two sets of parameters (6 and 0gp14) and gradients. Peak memory
consumption is approximately:

Memory = 2 x |6] + |grad| + |activations| ~ 4 x |f| (with AMP). (18)

For our 19.6M parameter model, this requires ~300MB for parameters and ~2-4GB for activations
depending on batch size.
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4. Experiments
4.1. Dataset and Setup

CIFAR10-DVS is an event stream dataset for object classification. 10,000 frame-based images from
the CIFAR-10 dataset were converted into 10,000 event streams of an event sensor with a resolution of
128 x 128 pixels. This dataset has moderate difficulty with 10 different categories. The conversion is
achieved using the Repetitive Closed-Loop Smooth (RCLS) movement of frame-based images. Due to
the conversion, they generate rich local intensity changes over continuous time, which are quantized
by each pixel of the event-based camera.

All experiments are implemented using PyTorch and the SpikingJelly framework [21]. We
employ the AdamW optimizer with initial learning rate 4 x 10~4, weight decay 5 x 1074, and betas
(0.9,0.999). We evaluate on CIFAR10-DVS, which contains 10,000 DVS recordings (10 classes, 1,000 per
class) of CIFAR10 images displayed on an LCD screen. Each sample is converted to 16-frame event
representations of size 128 x 128 x 2 (on/off channels). We split the data into 90% training and 10%
testing, following standard practice. To accommodate the heterogeneity of neuronal dynamics, we
apply a 0.5 x learning rate reduction for learnable parameters T and vgreshold in robust PLIF neurons.
The learning rate schedule consists of a 10-epoch linear warmup from 0.1 to 1.0x base learning rate,
followed by cosine annealing to 1 x 10~ over the remaining epochs. We set the batch size to 16 and
train for a maximum of 300 epochs with early stopping (patience=20). Gradient clipping with max
norm 1.0 is applied to ensure training stability. Experimental parameter configuration is given as
follows.

¢ Data Augmentation: Random horizontal flip and crop on event frames; Mixup with « = 0.2.

e Optimization: AdamW optimizer with weight decay 5 x 10~%; separate learning rates for neuron
parameters (2 x 107*) and others (4 x 1074).

e  Learning Rate Schedule: Linear warmup (10 epochs) followed by cosine annealing to 10~7.

*  Regularization: Gradient clipping (max norm=1.0), dropout (0.1-0.5), label smoothing (0.1).

¢ Model Averaging: Exponential Moving Average (EMA) with decay 0.995.

e  Early Stopping: Patience of 20 epochs based on validation accuracy.

The experimental platform is equipped with an Intel Core i9-13900HX (13th generation) processor,
32 GB of RAM, and an NVIDIA GeForce RTX 4070 GPU with 8 GB of dedicated video memory. The
experiment was programmed and tested using Python 3.10.11 with CUDA version 12.0, and the
selected deep learning frameworks are PyTorch and SpikingJelly.

4.2. Comparison with State-of-the-Art

We compare our SE-PLIF-SNN against existing state-of-the-art methods on CIFAR10-DVS. As
shown in Table 4, our method achieves competitive performance among direct-training SNN ap-

proaches.
Table 4. Comparison with state-of-the-art methods on CIFAR10-DVS.

Method Type Architecture Timestep Accuracy (%) Params (M)
STBP-tdBN [34] Direct ResNet-19 10 67.8 12.6
PLIF [46] Direct PLIF-Net 20 74.8 11.3
SEW ResNet [32] Direct Wide-7B-Net 16 74.4 15.8
SE-PLIF-SNN Direct SE-ResNet 16 78.8 + 0.2 196
(Ours)

SE-PLIF-SNN Direct SE-ResNet 10 765+ 03 196
(Ours)

Our method achieves 78.8% accuracy with T = 16, outperforming most existing direct-training
methods and approaching the current state-of-the-art. Notably, our model utilizes 19.6M parameters,
demonstrating superior parameter efficiency compared to competing methods. With reduced timesteps
(T = 10), our method maintains 76.5% accuracy, indicating robust temporal compression capability.
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4.3. Analysis of Neuronal Dynamics
Learnable Parameter Evolution

We analyze the evolution of learnable parameters T and vy, during training. Figure 3 illustrates
that different layers converge to distinct temporal dynamics: shallow layers prefer smaller T (fast
response to edge features), while deep layers adopt larger T (sustained integration for semantic
features). The thresholds stabilize in the range [0.35, 0.55], balancing firing sparsity and information

transmission.
200 (a) Evolution of Learnable Time Constant 08 (b) Evolution of Learnable Firing Threshold
175
07
N J v " converge to larger au

°
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= Init Conv
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— Layer1
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Figure 3. Evolution of learnable parameters across different layers during training. (a) Time constant T conver-
gence. (b) Firing threshold vy, esholg cONvergence.
Spike Activity Analysis

Figure 4 presents the average firing rates across layers. The SE blocks effectively modulate

channel-wise activity, reducing redundant spikes by 15% while preserving task-relevant information.
The overall network maintains a moderate firing rate of 23%, indicating energy-efficient event-driven

computation.
30 29.1%
24.%

— = Average: 20.6%

12.5%

N
&
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N
3

Average Firing Rate (%)
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Init Conv Layer 1 Layer 2 Layer 3 Layer 4
Network Layer

Figure 4. Average firing rates across different layers and timesteps. Lower layers exhibit higher activity due to
rich edge information in event data.

4.4. Robustness Evaluation

We evaluate the robustness of SE-PLIF-SNN under various challenging conditions:

Temporal Resolution Robustness

Testing with varying timesteps T € {4, 8,10, 16,20} shows graceful degradation: 65.2% (T = 4),
68.8% (T = 8), 74.5% (T = 10), 78.8% (T = 16), 78.6% (T = 20). The model maintains reasonable
performance even with 4 timesteps, crucial for low-latency applications.

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2189.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 27 March 2026 d0i:10.20944/preprints202603.2189.v1

15 0f 18

Noise Resilience

We inject Gaussian noise (o € {0.01,0.05,0.1}) to input frames. The accuracy degrades gradually:
77.2% (o = 0.01), 74.8% (¢ = 0.05), 70.3% (o = 0.1), demonstrating robustness to sensor noise inherent
in event cameras.

Spatial Perturbations
Random erasing (probability 0.5) and cutout (hole size 16 x 16) result in 77.1% and 76.9% accuracy
respectively, indicating strong spatial generalization.

4.5. Ablation Study

To validate the effectiveness of each proposed component, we conduct comprehensive ablation
experiments on CIFAR10-DVS. All ablation experiments maintain the same hyperparameters unless
otherwise specified.

Table 5. Ablation study of proposed components on CIFAR10-DVS. All experiments use T = 16 timesteps.

Configuration PLIF SE Block Mixup Accuracy (%)
Baseline LIF X X X 643 +04
+ PLIF only v X X 66.8 +0.3
+ SE only X v X 67.1+0.5
+ Mixup only X X v 65.9+0.4
PLIF + SE v v X 742 +0.3
PLIF + Mixup v X v 76.5+ 0.4
SE + Mixup X v v 76.8£0.3
Full Model

(PLIF+SE+Mixup) v v v 77.5+02
Full Model + EMA v v v 78.8+0.2

Effect of PLIF Neurons

Replacing standard LIF with learnable PLIF neurons improves accuracy by 2.5%, demonstrating
that adaptive membrane time constants better capture the heterogeneous temporal dynamics of
event-based data. The learnable thresholds also contribute to optimized firing patterns.

Effect of SE Blocks

Integrating Squeeze-and-Excitation blocks into residual connections provides a 2.8% accuracy
gain. The channel-wise attention mechanism effectively recalibrates feature responses, enhancing the
discriminative power of spiking representations.

Effect of Mixup Augmentation

Mixup regularization improves generalization by 1.6%, particularly beneficial for the limited
training data in CIFAR10-DVS. The linear interpolation of event-based frames creates virtual training
samples that smooth the decision boundary.

Synergistic Effects

The combination of all three components achieves 77.5% accuracy, significantly outperforming in-
dividual additions. The EMA strategy further boosts performance to 78.8%, validating the effectiveness
of temporal ensembling for SNN training stability.

5. Conclusion

We presented SE-SNN, a novel spiking neural network that combines Squeeze-and-Excitation
attention with learnable neuron dynamics for event-based vision. By operating SE blocks on membrane
potentials and parameterizing key neuron properties, our model achieves state-of-the-art results on
CIFAR10-DVS while preserving the energy efficiency and temporal coding advantages of SNNs. The
experimental results validate the effectiveness of the proposed SE-PLIF-SNN architecture. Future
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work includes extending this framework to larger datasets (e.g., DVS128 Gesture) and exploring
hardware-aware deployment on neuromorphic chips like Loihi or TrueNorth.
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