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Abstract

Recent advancements in neuroscience research have pro-
pelled the development of Spiking Neural Networks (SNNs),
which not only have the potential to further advance neuro-
science research but also serve as an energy-efficient alterna-
tive to Artificial Neural Networks (ANNs) due to their spike-
driven characteristics. However, previous studies often over-
looked the multiscale information and its spatiotemporal cor-
relation between event data, leading SNN models to approxi-
mate each frame of input events as static images. We hypoth-
esize that this oversimplification significantly contributes to
the performance gap between SNNs and traditional ANNSs.
To address this issue, we have designed a Spiking Multiscale
Attention (SMA) module that captures multiscale spatiotem-
poral interaction information. Furthermore, we developed
a regularization method named Attention ZoneOut (AZO),
which utilizes spatiotemporal attention weights to reduce the
model’s generalization error through pseudo-ensemble train-
ing. Our approach has achieved state-of-the-art results on
mainstream neuromorphic datasets. Additionally, we have
reached a performance of 77.1% on the Imagenet-1K dataset
using a 104-layer ResNet architecture enhanced with SMA
and AZO. This achievement confirms the state-of-the-art per-
formance of SNNs with non-transformer architectures and
underscores the effectiveness of our method in bridging the
performance gap between SNN models and traditional ANN
models.

Code — https://github.com/YmShan/SMA-AZO

Introduction

The biological brain has long served as a rich source of in-
spiration for the development of neural networks, with Ar-
tificial Neural Networks (ANNs) achieving impressive re-
sults (Szegedy et al. 2015; Redmon et al. 2016) by mimick-
ing the visual cortex’s hierarchical structure. However, the
increasing energy consumption of ANNs has emerged as a
critical limitation. Spiking Neural Networks (SNNs) that uti-
lize binary spiking signals, offer inherent low-power charac-
teristics due to their non-continuous activation (Maass 1997)
and spike-driven properties (Roy, Jaiswal, and Panda 2019).
Neuromorphic chips (Davies et al. 2018; Merolla et al. 2014)

*Corresponding author
Copyright © 2025, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

1501

are expected to accelerate SNN adoption, with the primary
goal being to achieve brain-inspired intelligence by combin-
ing insights from high-performance deep learning and bio-
logical brain mechanisms.

Initially, researchers in Spiking Neural Networks (SNNs)
faced challenges with training algorithms, leading to meth-
ods such as STDP (Tao et al. 2023), ANN2SNN (Deng and
Gu 2021), and STBP (Wu et al. 2018). Subsequent studies
incorporated deep learning elements (e.g., VGG (Sengupta
et al. 2019) and ResNet (Fang et al. 2021a; Hu et al. 2024)
architectures), neuroscience-inspired features (e.g., attention
mechanisms (Yao et al. 2023; Zhu et al. 2022) and biolog-
ically plausible neuron models (Wang et al. 2024; Zhang
et al. 2024; Yao et al. 2024c)), and brain-inspired learning
algorithms (Wei et al. 2023), all aimed at enhancing both
performance and neuromorphic characteristics.

However, extant research has insufficiently addressed
the heterogeneity in resolution and structural composition
among sample features within mainstream datasets. Most
studies have focused on developing comprehensive network
architectures rather than leveraging multiscale features in-
herent in complex spatiotemporally correlated data. Further-
more, with the notable exception of Temporal-Channel Joint
Attention (TCJA) (Zhu et al. 2022), spatiotemporal correla-
tions have been largely overlooked. We posit that this over-
sight has resulted in contemporary Spiking Neural Networks
(SNNys) relinquishing certain brain-inspired characteristics,
potentially compromising their biological plausibility and
efficacy.

Therefore, we propose a Spiking Multiscale Attention
(SMA) module to introduce multiscale representation learn-
ing into the SNN domain, while simultaneously leveraging
spatiotemporal correlations to compute attention weights to
address this issue. This method enhances the model’s abil-
ity to extract multiscale features while altering the learning
pattern of SNNs, enabling SNN models to better balance lo-
cal and global features. It is worth noting that we attribute
the performance gap between SNNs and ANNSs to the insuf-
ficient utilization of spatiotemporal correlation information
by SNN models. To further mitigate this limitation, we de-
vised an Attention Zoneout (AZO) regularization method.
This method improves model generalization by replacing
information at spatiotemporal weak points of hidden units
with information from previous time step. Unlike dropout,



the AZO regularization method involves substitution rather
than deletion, facilitating smoother propagation of gradient
and state information through time.

The primary contributions of this paper are summarized
as follows:

* We observe that previous works have overlooked multi-
scale information and spatiotemporal correlation, which
leads to the loss of brain-inspired features in SNN mod-
els, consequently resulting in erroneous learning pat-
terns.

* We extend the Squeeze-and-Excitation (SE module (Hu,
Shen, and Sun 2018)) to multiple scales and propose
the SMA module based on it to introduce multiscale
representation learning into SNNs, while utilizing spa-
tiotemporal correlation information to compute atten-
tion weights for balancing local and global information,
thereby steering SNN models towards a more neuromor-
phic learning pattern. To the best of our knowledge, this
is the first attempt to integrate multiscale representation
learning into SNNs.

* To further leverage spatiotemporal correlation informa-
tion, we introduce an AZO regularization method lever-
aging spatiotemporal attention weights. This method em-
ploys the previous hidden unit value as noise to replace
irrelevant information, thereby training a pseudo ensem-
ble to enhance the robustness and generalization of the
model.

* We demonstrate the effectiveness of our proposed ap-
proach by achieving state-of-the-art performance on
three mainstream neuromorphic datasets and Imagenet-
1K. Through comprehensive visualization analysis, we
provide evidence that simultaneously leveraging multi-
scale information and spatiotemporal correlation can in-
deed induce SNNs to adopt a more brain-inspired learn-
ing pattern.

Related Works

Attention Mechanism has become crucial in enhancing
deep learning model performance. In SNNs, Yao et al. in-
troduced Time-Attention (TA) (Yao et al. 2021) and Multi-
dimensional Attention (MA) modules (Yao et al. 2023), fo-
cusing on the importance of temporal and multi-dimensional
features, respectively. Zhu et al. proposed the TCJA mod-
ule (Zhu et al. 2022) for efficient time and channel attention.
Shan et al. integrated discrete spiking signals into attention-
based decision-making (Shan et al. 2023). Addressing the
need for lightweight design and multiscale spatiotemporal
correlation handling, we developed the MSE module and
its derivative SMA module, which efficiently transform the
model’s learning pattern.

Multiscale Representation Learning plays a pivotal role
in diverse computer vision tasks (Han et al. 2018; Sharon,
Brandt, and Basri 2000). This approach addresses the chal-
lenges posed by the heterogeneity of shapes and resolutions
inherent in natural objects (Jiao et al. 2021). To improve
deep learning frameworks, researchers have incorporated
various multiscale techniques: multiscale convolution struc-
tures (Li et al. 2019), pyramid architectures (Zhang et al.
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2016), multiscale loss functions (Lin et al. 2017), and multi-
scale attention mechanisms (Zhang, Zheng, and Liu 2021).
This study extends the application of multiscale represen-
tation learning to SNNs by introducing a novel multiscale
attention module, thereby broadening the scope of this ap-
proach in neuromorphic computing.

Regularization balances bias and variance to reduce
generalization error. Data regularization methods (e.g.,
Cutout (DeVries and Taylor 2017), Mixup (Zhang et al.
2017), CutMix (Yun et al. 2019)) improve model robustness
through input transformations. Structural regularization, like
Dropout (Wang and Manning 2013) and its variants (e.g.,
Zoneout (Krueger et al. 2016), Dropblock (Ghiasi, Lin, and
Le 2018)) improves performance by selectively retaining ac-
tivation values. Recent research explores optimal dropout
locations, such as Maxdropout (do Santos et al. 2021) and
Autodropout (Pham and Le 2021). Our proposed AZO regu-
larization method utilizes SMA attention weights for selec-
tion, replacing irrelevant information with previous timestep
hidden unit values as noise, training a pseudo-ensemble to
enhance robustness and generalizability.

Method
Leaky Integrate-and-Fire Neuron Model

The Leaky Integrate-and-Fire (LIF) neuron (Maass 1997)
stands as one of the predominant neuron models within
SNNs, esteemed for its balanced performance and adher-
ence to biological principles. It is uniformly adopted in this
work. Within neural networks, neurons serve as fundamental
computational units. Upon receiving transmitted spiking sig-
nals, LIF neurons initiate an integration process. When the
membrane potential reaches a threshold, neurons emit spikes
and reset their membrane potentials. This dynamic process
is encapsulated by the subthreshold dynamics model (Roy,
Jaiswal, and Panda 2019)

d‘:it(t) _(V(t) - Vreset) + I(t)a (1)
where 7 represents a time constant, V' (¢) denotes the
membrane potential of the postsynaptic neuron, and I(¢)
signifies the input gathered from presynaptic neurons. Ad-
ditionally, V s denotes the reset potential, which is estab-
lished subsequent to the activation of the output spiking. To
facilitate training and description, we adopt the displayed it-
eration version of the subthreshold dynamics model (Neftci,
Mostafa, and Zenke 2019).

T

1
U:L = H;Lfl + ;( ?71 - (H??l —Upreset)), (2)
S? - G(U? - Uthreshold)7 (3)
Hy =U/(1-S5Y), )
at each layer n and time step ¢, the membrane potential
U of a neuron is denoted as U, . The parameter 7 signifies
a time constant, and .S represents a binary spiking tensor. I
denotes the neuron’s input, while O represents the Heaviside
step function. H symbolizes the hidden state, U refers

to the reset potential of the neuron following a spike, and
U (hreshold indicates the discharge threshold of the neuron.
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Figure 1: The overview of Spiking Multiscale Attention (SMA) module. In the figure, the schematic diagram of the encoder is
shown on the right side, the schematic diagram of the decoder is displayed in the lower-left corner, and the schematic diagram
of the Multiscale SE (MSE) block module is positioned in the center.

Spiking Multiscale Attention for SNNs

The overall structure of the SMA module is illustrated in
Fig. 1. Its primary objective is to enhance the model’s abil-
ity to extract target features with diverse resolutions, shapes,
and states by utilizing spatiotemporal correlation informa-
tion. This approach helps balance the significance of global
and local features, thereby transforming the model’s learn-
ing pattern. The temporal and spatial information inherent
in event data can often be intertwined, posing additional
challenges in extracting multiscale features. Thus, instead of
directly conducting multiscale feature extraction within the
encoder, we opt to perform multiscale coding beforehand to
enhance feature representation. The encoder’s architecture is
delineated in the right portion of Fig. 1. Given an input event
sequence X = [-+, Xy, -] € RTXOXHXW ‘the encoder
of the SMA module across IN scales can be represented as

E(x,k) = §(BN(Conv2d(k,x))), ®)
M} =E(X,K}), n€ N,tcT,M} € ROHxW
(6)
N gn
Y=Y R/ YieROHIW (N
n=1

where E(z, k) represents the multiscale coding process
and ¢ denotes the ReLU function. However, when analyz-
ing the mechanism of SMA, we substitute § with LIF neu-
rons(we have conducted ample experiments in Sec. B.3 of
the Supplementary Material demonstrating that LIF does not
notably compromise model accuracy compared to ReLU).
Conv2d(z, k) indicates that the 2D convolution operation
is performed on X using the convolution kernel K, and
M;=1[- M}, -] € RNXCXHXW represents the mul-
tiscale coding result of the t-th frame of the input event.

The decoder structure is illustrated in the lower-left por-
tion of Fig. 1. It is responsible for processing the multiscale
dataY = [--,Y,, -] € RTXEXHEXW "enriched with
characteristics output from the encoder. Specifically, it cal-
culates the attention weights for the temporal and channel
dimensions as follows:

fo(E) = Conv2d(K; ,0(Conv2d(K 5 0, E))), (8)
fg(E) = Conv2d( %,B’ d(Conv2d(Ks 3, E))), (9
W, = n(fa(Avgpool(Y,))), W, € RVXTXL  (10)

Wi =n(fs(Ye), Waye RV (1)



where f7(E) and f5 (E) respectively describe the roles
of the MSE (T-MSE) module in the time dimension and the
MSE (C-MSE) module in the channel dimension. K g, and
K 5 g represent the Squeeze convolution kernel (1 x 1) in
the T-MSE module and C-MSE module, respectively. K%, ,
and K % 5 represent the Excitation convolution kernel (1x1)
in the n-th scale, respectively. ) represents the SoftMax
operation.

To compute attention weights in the time dimension, we
adhere to the conventional methodology: initially conduct-
ing global average pooling on the input data, followed by
computing attention weights to derive weights sized 1" x 1.
To comprehensively leverage the interplay between mul-
tiscale information and spatiotemporal interactions, atten-
tion weights are computed for all input channels at each
timestep. It is noteworthy that upon completing the calcu-
lation, SoftMax operations are performed on the weights
within the time and channel dimensions correspondingly,
in the scale dimension, to mitigate the adverse effects of
large (small) values on the model. Consequently, Wz =

[+, Wpgy,--+] € RNXTXCXL g obtained. Finally, ap-
ply the attention weights to the multiscale encoding result
M =[- My, ] € RNXTXCXHXW of the input event

stream and aggregate them along the scale dimension:

Z = Sum(M x W, x Wg). Z ¢ RTXCxHxW
(12)

Attention Zoneout for SMA

Algorithm 1: Attention Zoneout

Input: Output of SMA module decoder : Z; Time
attention weight : W, ; Channel attention
weight : W g; Number of timesteps executing
AZO : 6;; Number of channels executing
AZO : 6,

Output: Z after AZO execution : R

1 (The following operations are concurrently executed
at all scales)

2 R=27

3 Find the indices of the §; smallest values in array
W, : H e Nitx1

4 H = Sort(H, Ascending)

5 for each i in H do

6 Find the indices of the . smallest values in array

W/g,,* P, € N5”X1

end

for each i in H do

for each j in P; do

w || R = 2l - 1) ifi#0)
11 end

12 end

13 return R

e e

Zhu et al. were the first to explore the correlation between
temporal and spatial information in event data within the

domain of SNNs (Zhu et al. 2022). However, most main-
stream SNN methods overlook this spatiotemporal correla-
tion information. To address this, we propose a regulariza-
tion method called Attention Zoneout (AZQO), which utilizes
temporal and channel attention weights, as described in Al-
gorithm 1, to leverage these valuable pieces of information.

Similar to Zoneout (Krueger et al. 2016), AZO trains
pseudo-ensembles by adding noise to hidden units, thereby
enhancing generalization ability. The key difference is that
in AZO, the location of noise is determined by attention
weights rather than being random. This helps mitigate the
impact of irrelevant features while introducing noise, facil-
itating the network’s convergence to the global optimum.
Additionally, while Zoneout directly adds noise in the spa-
tial dimension, AZO applies noise in the channel dimension
because, at the time of AZO operation, all features have al-
ready been aggregated onto the channel dimension, result-
ing in a spatial dimension size of 1 x 1. Consequently, each
operation applied to the channel dimension is equivalently
projected onto the spatial dimension. In Sec. B.2 of the Sup-
plementary Material, we present an ablation study to eluci-
date the selection process of the hyperparameters ; and J,.
in AZO and provide additional experiments to validate its
efficacy.

Experiments

Even with the use of spiking coding, the spatiotemporal in-
teraction in static image datasets remains limited. There-
fore, we only evaluated the classification performance of
our proposed SMA-SNN and SMA-AZO-SNN architectures
on three prominent neuromorphic datasets (DVS128 Ges-
ture (Amir et al. 2017), CIFAR10-DVS (Li et al. 2017),
and N-Caltech101 (Orchard et al. 2015)) as well as the
ImageNet-1K dataset (Deng et al. 2009). Preceding this as-
sessment, we provided a comprehensive exposition of our
attention position determination and scale quantity selection
process, a crucial aspect we regard as essential for a generic
attention module. All network structures and hyperparame-
ter settings utilized in the experiment are detailed in Sec. A
of Supplementary Material.

Ablation Study

Building upon the foundation established by prior research,
it has been observed that the classification performance of
SNN models on the DVS128 Gesture dataset (Amir et al.
2017) can be effectively extrapolated to other prominent
datasets (Yao et al. 2021, 2023; Zhu et al. 2022; Fang et al.
2021a). Consequently, our ablation studies will be system-
atically conducted utilizing the DVS128 Gesture dataset as
the primary benchmark.

SMA Position. Incorporating the plug-and-play attention
module into mainstream network architectures necessitates
careful consideration of its insertion points and quantity. Ini-
tially, we address the unique characteristics of the encod-
ing module (the first module of SNNs) and categorize the
potential roles of SMA within the network as follows: T1,
absence of SMA; T2, exclusive addition of SMA to the
encoding module; T3, integration of SMA throughout
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Figure 2: Ablation study of different SMA positions based
on DVS128 Gesture. Inspired by previous work (Yao et al.
2021, 2023), we placed SMA behind convolution layer in
the first two groups of experiments.

the network except for the encoding module; T4, com-
prehensive inclusion of SMA across the entire network.
As depicted in Fig. 2, T3 consistently outperforms the other
configurations across nearly all simulation timesteps, partic-
ularly at the prevalent timestep of 16.

Building upon the aforementioned findings, we further
subdivide the potential optimal positions for SMA within
the network as follows: S1, incorporating SMA solely in
odd-numbered blocks excluding the encoding module;
S2, integrating SMA exclusively in even-indexed blocks;
S3, embedding SMA only in the initial half of the net-
work, but excluding the coding module; S4, inserting
SMA solely in the latter half of the network. As illustrated
in Fig. 2, the S3 configuration demonstrates superior per-
formance compared to other positions across all simulated
timesteps. Additionally, we investigated the effect of SMA
within the conventional SNN module (Conv-BN-Neuron).
The potential insertion points for SMA are: L1, immedi-
ately following the convolution layer; L2, following the
BN layer; L3, after the neuron layer. The experimental
findings demonstrate that within the module, the placement
of the SMA module at position L1 exhibits a slight advan-
tage over its placement at L3, while positioning it at L2 re-
sults in the network’s failure to converge. This phenomenon
is hypothesized to stem from the SMA module’s inability to
accurately extract significance from normalized data, conse-
quently leading to the disappearance of the network’s gradi-
ent.

Scale Quantities. Paying attention to various receptive
fields of differing sizes is crucial for SMA. The results in
Tab. 1 demonstrate that the SMA module, integrating down-
sampling and attention mechanisms utilizing filters of sizes
1,3, 5, and 7 across four distinct scales, yields the most pro-
nounced and consistent effects. Furthermore, this configu-
ration introduces only marginal additional reasoning time,
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Scale Acc(%) Inference Overhead(s)
No SMA 96.52 18.98
2 96.52(40.34) 21.99(40.98)
3 97.21(+0.69) 23.02(£0.07)
4 97.91(40.34) 27.44(40.24)
5 97.73(+0.17) 33.72(40.20)
6 97.56(£0.34) 42.43(£0.06)

Table 1: Various Scale Quantities of SMA. The filter sizes
used for sampling at each scale are progressively 1, 3, 5,
7,9, and 11. The experimental results are derived from ten
identical experiments.

thereby facilitating efficient processing for individual events
without a significant increase in computational load.

Comparison with the State-of-the-Art

Experimental Results on Imagenet-1K. We adopted the
same approach as Yao et al (Yao et al. 2023), simply inte-
grating the SMA module into MS-ResNet (Hu et al. 2024)
to evaluate its performance. Tab. 2 presents the experi-
mental results. The integration of SMA alone significantly
improved model accuracy, evidenced by enhancements of
5.36% in the 18-layer ResNet and 0.77% in the 34-layer
ResNet configurations. Furthermore, the combined applica-
tion of SMA and AZO resulted in an additional accuracy
increase of 1.03% in the 104-layer structure. Comparison to
previous studies indicates that our approach achieves state-
of-the-art accuracy in traditional convolutional-based SNNs
and is also competitive with some models based on the
Transformer architecture.

Experimental Results on Mainstream Neuromorphic
Datasets. As Tab. 3 illustrates, the integration of SMA
into the VGG network achieves SOTA performance on the
CIFARI10-DVS and N-Caltech101 datasets. The accuracy
is further and steadily improved through the application
of the AZO regularization method. Our approach also re-
sulted in a significant 6.1% increase in accuracy on the
N-Caltech101 dataset. Moreover, on the DVS128 Gesture
dataset, our method achieved equivalent results to those of
non-transformer architectures with the same timesteps.

Study of Learning Patterns

SMA Changes SNNs Learning Patterns. The attention
heatmaps in Fig. 3(b) show that traditional SNN approaches
treat event data frames as static images, overemphasizing
global features while neglecting local features and tempo-
ral information. In contrast, Fig. 3(c) demonstrates that the
SMA module balances local and global feature importance
by integrating multiscale and spatiotemporal correlation in-
formation. This shift in decision-making focuses on the rel-
ative positions and dynamic information of crucial joints,
enhancing the utilization of spatiotemporal correlations be-
tween event frames.

The N-Caltech101 dataset has more complex features and
more noise. A closer examination of Fig. 3 reveals that SNN
models lacking SMA tend to allocate unnecessary attention



Work Architecture Timestep Top-1 Acc.(%)
SEW-ResNet-34 4 67.04
SEW-ResNet-50 4 67.78
SEW ResNet (Fang et al. 2021a) SEW-ResNet-101 4 63.76
SEW-ResNet-152 4 69.26
MS-ResNet-18 6 63.10
MS-ResNet-34 6 69.42
MS ResNet (Hu et al. 2024) MS-ResNet-104 5 7421
MS-ResNet-104* 5 76.02
MA-MS-ResNet-18 1 63.97
MA-ResNet (Yao et al. 2023) MA-MS-ResNet-34 1 69.15
MA-MS-ResNet-104* 4 77.08
Spiking ResNet (Hu, Tang, and Pan 2021) ResNet-50 350 72.75
Hybrid training (Rathi et al. 2020) ResNet-34 250 61.48
TET (Deng et al. 2022) SEW-ResNet-34 4 68.00
tdBN (Zheng et al. 2021) Spiking-ResNet-34 6 63.72
Spike-Norm (Sengupta et al. 2019) ResNet34 2000 65.47
QCFS (Bu et al. 2023) VGG-16 64 72.85
Fast-SNN (Hu et al. 2023) VGG-16 7 72.95
ResNet (Hu et al. 2024) Res-CNN-104 - 76.87
. Spiking Transformer-10-512 4 73.68
Spikformer (Zhou et al. 2022) Spiking Transformer-8-768 4 74.81
. . Spiking Transformer-10-512 4 74.66
Spike-driven Transformer (Yao et al. 2024b) Spiking Transformer-8-768* 4 77.07
. Meta-SpikeFormer 4 77.20
Meta-SpikeFormer (Yao et al. 2024a) Meta-SpikeFormer* 4 80.00
SMA-MS-ResNet-18 6 68.46
SMA-ResNet(Ours) SMA-MS-ResNet-34 6 70.19
SMA-AZO-MS-ResNet-104* 5 77.05

Table 2: Evaluation on ImageNet-1K. In inference, the default resolution of the input crops is 224 x 224. The experimental

input crops marked with * are enlarged to 288 x 288.

. . DVS128 Gesture CIFAR10-DVS N-Caltech101
Work Spike-driven
T Acc T Acc T Acc
PLIF (Fang et al. 2021b) v 20 97.6 20 74.8 - -
Spikformer (Zhou et al. 2022) X 16 98.3 16 80.9 - -
tdBN (Zheng et al. 2021) X 40 96.9 10 67.8 - -
SEW-ResNet (Fang et al. 2021a) X 16 97.9 16 74.4 - -
TA-SNN (Yao et al. 2021) X 60 98.6 10 72.0 - -
HATS (Sironi et al. 2018) N/A - - N/A 52.4 N/A 64.2
DART (Ramesh et al. 2019) N/A - - N/A 65.8 N/A 66.8
SALT (Kim and Panda 2021) X - - 20 67.1 20 55.0
TCJA-SNN (Zhu et al. 2022) X 20 99.0 10 80.7 14 78.5
Spike-driven
Transformer (Yao et al. 2024b) v 16 9.3 16 80.0 . )
SMA-VGG(Ours) v 16 98.3 10 83.1 14 83.7
SMA-AZO-VGG(Ours) v 16 98.6 10 84.0 14 84.6

Table 3: The comparison between the proposed methods and existing SOTA techniques on three mainstream neuromorphic

datasets.
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Figure 3: Visualization of typical sample input frames and their attentional heatmaps: (a) shows the input frame; (b) and (c)
display attention heat maps based on the Spiking Firing Rate (SFR), where red indicates high and blue shows low spiking
activation. Heat map (b) is from the Spiking-VGG8 model and (c) from the SMA-SNN model. All heat maps are from the first
convolutional layer of each model, except the coding layer. A spike count comparison is shown on the right.

to the background while neglecting local features. We iden-
tify this as the primary reason for the underperformance of
traditional SNN models on the N-Caltech101 dataset. Upon
integrating SMA, the SMA-SNN model effectively miti-
gates the issue of background overemphasis observed in tra-
ditional SNNs, redirecting attention more precisely towards
relevant local features. This enhancement is believed to be
the primary factor contributing to the improved performance
of the SMA-SNN model on the N-Caltech101 dataset. Ad-
ditionally, as depicted in the right part of Fig. 3, SMA sig-
nificantly reduces the SFR of the SNN model by minimizing
unnecessary attention to the background, thereby promising
greater energy savings for event-driven SNNs.

Study on the Correlation between SMA and
Multiscale Information in Samples
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Figure 4: Scale importance between different types of sam-
ples.

Focus on Multiscale Features. The filters of sizes 1, 3,

5, and 7 in Fig. 4 are employed for downsampling across
the four scales. Research conducted on this figure suggests
that in the decision-making process, samples characterized
by smaller key features (such as fingers and wrists) exhibit a
preference for filters of smaller size, whereas samples with
larger key features (such as arms and trajectories) show a
predilection for filters of larger size. This observation un-
derscores the intrinsic capability of the SMA module to en-
hance model performance in datasets with a diverse range of
feature sizes.

Conclusion

This study proposes a plug-and-play attention module called
SMA that focuses on multiple dimensions. Experiments
demonstrate that SMA effectively utilizes both multiscale
information and spatiotemporal correlation information to
balance the importance of global and local features in the
samples, thereby changing the learning patterns of SNNs.
We further utilize spatiotemporal correlation information by
proposing an AZO regularization method. This method re-
places the information at spatiotemporal weak points with
the information from the corresponding spatial locations at
the previous time step to train pseudo-ensembles, effectively
reducing the model’s generalization error. SMA and AZO
achieve state-of-the-art accuracy on CIFAR10-DVS (84.0%)
and N-Caltech101 (84.6%) datasets, while also attaining
non-Transformer architecture state-of-the-art accuracy on
the ImageNet-1k dataset (77.1%), underscoring their effi-
cacy. We hope that our work can contribute to the research
on neuromorphic SNNs, while simultaneously providing in-
spiration for the development of SNN models that are both
higher-performing and more neuromorphic.
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