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Abstract

Spiking Neural Networks (SNNs) have gained significant at-
tention due to their biological plausibility and energy ef-
ficiency, making them promising alternatives to Artificial
Neural Networks (ANNs). However, the performance gap
between SNNs and ANNs remains a substantial challenge
hindering the widespread adoption of SNNs. In this paper,
we propose a Spatial-Temporal Attention Aggregator SNN
(STAA-SNN) framework, which dynamically focuses on and
captures both spatial and temporal dependencies. First, we
introduce a spike-driven self-attention mechanism specifi-
cally designed for SNNs. Additionally, we pioneeringly in-
corporate position encoding to integrate latent temporal re-
lationships into the incoming features. For spatial-temporal
information aggregation, we employ step attention to selec-
tively amplify relevant features to variant steps. Finally, we
implement a time-step random dropout strategy to avoid lo-
cal optima. The framework demonstrates exceptional per-
formance across diverse datasets and exhibits strong gener-
alization capabilities. Notably, STAA-SNN achieves state-
of-the-art results on neuromorphic datasets CIFAR10-DVS
of 82.10% and with performances of 97.14%, 82.05% and
70.40% on the static datasets CIFAR-10, CIFAR-100 and
ImageNet, respectively. Furthermore, this model exhibits
improved performance ranging from 0.33% to 2.80% with
fewer time steps.

1. Introduction

In recent years, Spiking Neural Networks (SNNs) have at-
tracted significant attention due to their low energy con-
sumption and biological interpretability[12, 17, 51, 57–59].
Inspired by the behavior of biological neurons, SNNs rep-
resent information using discrete binary spikes over mul-
tiple timesteps, making them well-suited for implementa-

*Equal contribution.
†Corresponding authors.

tion on low-power neuromorphic hardware, offering a dis-
tinct advantage over traditional Artificial Neural Networks
(ANNs)[2, 13, 19, 48, 63]. Among various spiking neu-
ron models, the Leaky Integrate-and-Fire (LIF) model[1] is
widely used in SNNs for its linear differentiable [37, 38].
Although previous works[17, 34, 73] have developed deep
SNNs to accelerate model convergence, the multi-timestep
computations inherent in SNNs significantly increase both
training and inference times, leading to high latency. This
limitation hinders the potential for efficient algorithm de-
sign. Consequently, a performance gap still exists be-
tween directly trained large-scale SNNs and ANNs in pat-
tern recognition tasks, underscoring the need for novel ap-
proaches that integrate insights from neuroscience with con-
ventional deep learning to improve both the efficiency and
accuracy of SNNs. Inspired by the human visual and cogni-
tive systems, attention mechanisms regulate neural activity
and connectivity, enhancing responses to focal stimuli. This
enhancement is reflected in the increased firing rates and
improved synchronization of neurons in relevant brain re-
gions. Additionally, this mechanism influences the strength
and efficiency of neural connections, thereby facilitating the
flow of information within and between different brain ar-
eas. In the field of deep learning, attention mechanisms en-
able neural networks to selectively focus on relatively im-
portant input information, leading to significant advance-
ments in various domains such as natural language process-
ing (NLP) and computer vision (CV). Compared to tradi-
tional architectures [5, 6, 44], these mechanisms have con-
sistently demonstrated superior performance.

In this paper, we explore the integration of attention
mechanisms into deep SNNs. Although SNNs are biologi-
cally inspired models, their current implementations exhibit
significant limitations due to inadequate biological fidelity.
For instance, the heterogeneity among spiking neurons and
the ability to independently transmit spatial and temporal
information are overlooked, with membrane parameters be-
ing uniformly and permanently set across dimensions and
layers in neural networks. Neuroscience research [3, 53] has
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highlighted the critical role of synaptic homeostatic plastic-
ity mechanisms in neuronal activity, as well as the regula-
tory function of glial cells in information transmission be-
tween neurons. Enhancing the alignment of SNN models
with these biological processes has the potential to improve
their overall performance. Therefore, we propose allowing
different network layers to exhibit varying degrees of infor-
mation transmission permeability.

We introduce a self-attention mechanism to capture spa-
tial correlations and the significance of information, while
integrating positional encoding to enhance spatial informa-
tion and potentially learn temporal features. In traditional
SNNs, input features are typically aggregated through sim-
ple addition, which can introduce significant noise into the
synthesized features. To address this, we propose a Step
Attention mechanism that aggregates and reconstructs fea-
tures at each time step, thereby improving the quality of in-
formation propagation. Additionally, we introduce a novel
Time-Step Random Dropout (TSRD) strategy to prevent the
network from falling into local optima, thereby enhancing
its robustness and accelerating training. Our main contribu-
tions are summarized as follows:
• Inspired by neuroscience and attention mechanisms, we

propose a novel Spatio-Temporal Attention Aggregator
for Spiking Neural Networks (STAA-SNN) that inte-
grates self-attention, positional encoding, and step atten-
tion into a unified framework, enabling SNNs to effi-
ciently extract features across temporal and spatial do-
mains while maintaining stable training.

• We introduce a Time-Step Random Dropout (TSRD)
strategy to accelerate training and enhance model gen-
eralization by preventing premature convergence and en-
abling optimal performance.

• We evaluate the performance, convergence, and sparse
spiking activity of STAA-SNN across multiple bench-
mark datasets, demonstrating that our method achieves
state-of-the-art or superior results with fewer timesteps,
highlighting its efficiency and effectiveness.

2. Related Works

2.1. Training of Deep SNNs

Training deep SNNs generally follows two primary ap-
proaches: ANN-to-SNN conversion and direct SNN train-
ing. The ANN-to-SNN conversion method aims to trans-
fer knowledge from traditional ANNs to SNNs, but it of-
ten encounters challenges such as minimizing accuracy
degradation while optimizing inference latency and energy
efficiency[27, 28, 55]. Moreover, this approach struggles
to fully leverage the spatiotemporal dynamics inherent in
SNNs due to the lack of temporal encoding in ANNs. Di-
rect SNN training is categorized into unsupervised and su-
pervised learning. Unsupervised methods rely on biologi-

cally plausible learning rules such as Hebbian learning[30]
and Spike-Timing-Dependent Plasticity (STDP)[7]. How-
ever, these approaches are generally not suitable for deep
SNNs or large-scale datasets. On the other hand, super-
vised learning integrates backpropagation with surrogate
gradients[17, 38, 46, 58], making applicability increasingly
viable[60, 61]. Several methods have been proposed to en-
hance direct SNN training. For instance, MPBN[26] incor-
porates a batch normalization layer after membrane poten-
tial updates to stabilize training, while MPD-AL[72] intro-
duces an alternative learning paradigm that adapts synaptic
modifications based on membrane potential traces. MS-
ResNet[34] reorganizes Vanilla ResNet layers to better
align with SNNs, improving feature extraction and gradi-
ent propagation. Furthermore, IM-Loss[22] optimizes in-
formation maximization loss to increase spike information
entropy. Recently, RSNN[62] introduced a Convolutional
LSTM-based approach that preserves temporal correlations,
enhancing spike-based data processing in SNNs.

2.2. Attention Mechanism in SNNs

Attention mechanisms dynamically assign varying levels
of importance to different input components, thereby fa-
cilitating efficient processing and feature extraction. Since
their introduction in 2014, attention mechanisms have be-
come integral to enhancing deep learning models and have
been widely applied to traditional ANNs[32]. In deep
learning, attention mechanisms are primarily used in two
ways: as a basic paradigm for conducting meta-operator
such as self-attention [54] or as an auxiliary enhancement
modules [33]. Also these two approaches can be com-
bined. Recently, integrating attention mechanisms into
SNNs has gained traction as a means to enhance their per-
formance. Unlike traditional ANNs, where attention typi-
cally refines spatial feature representations, SNN-based at-
tention mechanisms must consider both spatial and tempo-
ral information. Early work by [47] introduced a compu-
tational model that bridges human selective attention and
conscious awareness. Kundu⌘ [36] utilize attention mech-
anisms to compress SNN models. Temporal-wise atten-
tion was first introduced in TA-SNN[64], laying the foun-
dation for subsequent developments in SNN-specific at-
tention mechanisms. MA-SNN [66] proposed temporal-
channel-spatial attention for SNNs, surpassing models fo-
cused on single-dimensional information. TCJA-SNN[76]
introduced a temporal-channel joint attention mechanism,
while SCTFA [8] applied temporal-channel-spatial atten-
tion to SNNs with promising results. Moreover, STSC-SNN
[71] incorporated temporal convolution and attention mech-
anisms to implement synaptic filtering and gating functions,
demonstrating the versatility of attention mechanisms in en-
hancing SNN capabilities. IM-LIF [43] adopted temporal-
wise attention to improve the updating of GRUs and LSTMs
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Figure 1. Overview of the STAA-SNN Architecture and the TSRD strategy.

within SNNs. More recently, researchers have explored in-
corporating SNNs into Transformer architectures, achieving
promising results on multiple benchmark datasets[41, 52].
These researches reveal that attention mechanisms can sig-
nificantly improve the performance of SNN. However, there
remains a need for more specialized and high-performance
attention modules tailored explicitly for SNN architectures.
Addressing this gap can further enhance the efficiency and
robustness of SNNs in real-world applications.

3. Methodology

In this section, we will first provide a brief overview of
the Leaky Integrate-and-Fire (LIF) model and the train-
ing process. Following that, we introduce the proposed
Spatial-Temporal Attention Aggregator. Lastly, we outline
the timestep random dropout strategy for SNN.

3.1. Leaky Integrate-and-Fire Model

The spiking neuron is a fundamental component of SNNs.
In this work, we adopt the Leaky Integrate-and-Fire (LIF)
neuron due to its efficiency and simplicity. The discrete-
time, iterative update rule of the LIF model is given by:

V
t,n = H

t�1,n +
1

⌧
[It�1,n � (Ht�1,n � Vreset)], (1)

S
t,n = ⇥(V t,n � vth), (2)

H
t,n = Vreset · St,n + V

t,n � (1� S
t,n). (3)

Here, Ht�1,n denotes the membrane potential after a spike
trigger at the previous timestep, while I

t,n and V
t,n rep-

resent the input and membrane potential of the n-th layer
at timestep t, respectively. The threshold vth determines
whether a spike is emitted, producing the binary spike sen-

sor St,n. The Heaviside step function ⇥ outputs 1 if x � 0
and 0 otherwise.

Given the similarity between iterative LIF dynamics
and Recurrent Neural Networks (RNNs), Spatio-Temporal
Backpropagation (STBP) [57, 58] enables direct SNN train-
ing via Backpropagation Through Time (BPTT):

@L

@Wn
=

X

t

✓
@L

@St,n
· @S

t,n

@V t,n
+

@L

@V t+1,n
· @V

t+1,n

@V t,n

◆
@V

t,n

@Wn
.

(4)
However, the term @S

t,n

@V t,n , which represents the derivative
of the spike function, is non-differentiable. To address this,
prior works introduce Surrogate Gradients(SG), commonly
approximated using a rectangular function:

@S
t

@V t
=

1

a
· sign(|V t � Vth| <

a

2
), (5)

where a is a hypeparameter and set to 1. This approximation
provides a gradient of 1 within the range Vth � 0.5  V

t 
Vth + 0.5, and otherwise 0.

Neuromorphic-Inspired Adaptive LIF Design. Exam-
ining Eq. (1), it is evident that keeping Vreset and ⌧ con-
stant results in fixed weight coefficients for H and I , which
remain unchanged across timestep t and layer n. This
simplification deviates from biological neural processing,
where neuronal excitability dynamically adapts to stimuli.
To bridge this gap, we propose an adaptive modification to
the membrane potential update rule:

V
t,n = M �H

t�1,n +N � I
t�1,n

. (6)

Here, M and N are coefficient matrices that dynamically
adjust through iterative learning, regulating activation and
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inhibition probabilities across layers. This biologically
inspired adaptation enhances information processing effi-
ciency and robustness in SNNs.

Global Context (GC) Block. The Global Context (GC)
Block serves as a lightweight alternative to the self-attention
mechanism used in Transformers, enabling the integration
of self-attention into conventional convolution-based deep
learning architectures without the computational overhead
of full Transformer models. This makes it possible to en-
hance feature learning in non-Transformer structures while
maintaining efficiency and precision. In this paper, we
simulate the self-attention operation using a GC block [9],
which consists of three 1 ⇥ 1 convolutional kernels corre-
sponding to key, query, and value. As depicted in Fig. 1(b),
the spatial spiking input tensor of the n-th layer at the t-th
timestep is defined as X

t,n 2 RC
n⇥H

n⇥W
n

, where W
n

and H
n denote the width and height of the feature map,

and C
n represents the number of channels. Passing X

t,n

through the GC block yields three weight matrices for self-
attention, namely Wk, Wq and Wv , defined as:

Wk = X
t,n · Sigmoid(Convk(X

t,n)), (7)
Wq = Convq(Wk), (8)
Wv = Convv(ReLU(LN(Wq))). (9)

Before computing Wk, Xt,n is reshaped from C⇥H⇥W to
C ⇥HW . The resulting matrices Wk, Wq , Wv 2 RC⇥1⇥1

encode self-attention weights, which are then used to refine
the input feature map. Subsequently, the enhanced output is
computed as:

Z
t,n = X

t,n �Wv, (10)

where Z
t,n 2 RC,H,W maintains the same dimensions

as X
t,n. The refined feature map Z

t,n, in comparison to
the X

t,n, improves the network’s ability to focus on self-
relevant and task-critical information while suppressing ir-
relevant signals. This approach facilitates the seamless
transmission of enriched data flow, enabling the retention
of valuable features for subsequent stages.

Position Encoding (PE) Block. Position encoding is
widely used in NLP and sequence modeling to incorporate
positional information into input data. While SNNs share
structural similarities with RNNs and inherently process
temporal information, their reliance on sparse binary spikes
for information storage can lead to significant feature loss.
This study introduces position encoding to enhance spatial
features while enriching temporal relationships, thereby im-
proving feature retention and strengthening temporal repre-
sentations. The positional encoding is computed as follows:

X
t,n = I

t,n � Post,n, (11)

where Post,n represents the position encoding at the t-th
time step in the n-th layer, with Post,n 2 RT,C

n

.

Step Attention (SA) Block. While previous modules pri-
marily enhance feature processing from a spatial perspec-
tive, SNNs uniquely process information across both spatial
and temporal. Unlike other types of network, SNNs offer an
additional understanding of information sensitivity across
different timesteps. Therefore, in this paper, we introduce
Step Attention to tackle the temporal challenges inherent in
SNNs. As illustrated in Fig. 1(c), let U t,n 2 RC

n⇥H
n⇥W

n

denote the spatially aggregated feature input at the n-th
layer and the t-th timestep. The specific Step Attention
mechanism is defined as:

V
t,n = U

t,n � Sigmoid
✓

Conv2

✓
ReLU

✓
Conv1

�
↵ · AvgPool(U t,n)

�◆◆◆
,

(12)

where ↵ is a scaling factor that regulates the initial training
speed for smoother convergence. In practice, ↵ is typically
set to a default value of 2.

LIF with Spatio-Temporal Attention Aggregator

(STAA). The STAA seamlessly integrates with the LIF
model, offering compatibility across various network
structures without constraints. It adeptly harnesses the
potential of spiking neurons, effectively optimizing the
storage of discrete spike information while minimizing
the loss of crucial data during transmission. As shown
in Fig. 1(a), the neuronal update equation for the LIF model
with STAA is formulated as:

U
t,n = GC1(X

t,n)�GC2(H
t�1,n), (13)

V
t,n = SA(U t,n). (14)

Where GC1 and GC2 represent Global Context Blocks for
the input Xt,n and the previous membrane state Ht�1,n, re-
spectively. The remaining update equations follow the orig-
inal LIF model.

3.2. Time Step Random Dropout (TSRD) Strategy

To further enhance training efficiency, we propose TSRD,
an adaptive training strategy designed to prevent premature
feature stabilization in deep SNNs. In deeper timesteps,
spiking features may solidify too early during iterations,
hindering the network from achieving optimal convergence.
As illustrated in Fig. 1(d), TSRD randomly dropout the aug-
mentation module at timestep t 2 (0, T ) with a dropout
probability �, and instead choose the most basic element-
wise addition aggregation method. The TSRD technique
accelerates training and helps the network escape local op-
tima, thereby improving generalization performance.
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Method Architecture Timestep
Accuracy (%)

CIFAR-10 CIFAR-100

CNN-based

GLIF [70] ResNet-19 2 94.44% 75.48%
ResNet-19 4 94.85% 77.05%

TET [16] ResNet-19 2 94.16% 72.87%
ResNet-19 4 94.44% 74.47%

LSG [42] ResNet-19 2 94.41% 76.32%
ResNet-19 4 95.17% 76.85%

PFA [14] ResNet-19 2 95.6% 76.7%
ResNet-19 4 95.71% 78.1%

Diet-SNN [50] ResNet-20 5 91.78% 64.07%
VGG-16 5 93.85% 69.67%

IM-loss [22] VGG-16 5 93.85% 70.18%

IM-LIF [43] ResNet-19 3 95.29% 77.21%

MPBN [26]

ResNet-19 1 96.06% 78.71%
ResNet-19 2 96.47% 79.51%
ResNet-19 4 96.52% 80.1%
ResNet-20 1 92.22% 68.41%
ResNet-20 2 93.54% 70.79%
ResNet-20 4 94.28% 72.3%

Transformer-based

Spikformer[75] Spikformer-4-25 4 93.94% 75.96%

Spikingformer[74] Spikingformer-4-25 4 94.77% 77.43%

Spike-driven Transformer [69] Transformer-2-512 4 95.60% 78.40%

CNN-based Ours

VGG-13 2 94.70%± 0.12% 75.16%± 0.08%

VGG-13 4 95.26%± 0.09% 76.35%± 0.11%

ResNet-19 1 96.75%± 0.09% 79.37%± 0.10%

ResNet-19 2 96.85%± 0.11% 80.57%± 0.11%

ResNet-19 4 97.14%± 0.10% 82.05%± 0.10%

ResNet-20 1 93.08%± 0.09% 70.14%± 0.07%

ResNet-20 2 94.35%± 0.08% 73.20%± 0.12%

ResNet-20 4 95.03%± 0.11% 75.10%± 0.12%

Table 1. Comparison results with SOTA methods on CIFAR-10/100.

4. Experiments

We first outlined the experimental setup, including dataset
details and implementation specifics. We then compare our
results with previous SOTA methods across multiple bench-
marks. Next, we perform ablation studies to assess the ef-
fectiveness of STAA. Finally, we visualize the model’s per-
formance. Further details on datasets, hyperparameters, ad-
ditional experiments, and computational efficiency analysis
are provided in the Supplementary Material.

4.1. Experimental Setup

Datasets. We evaluate our method on five benchmark
datasets. CIFAR-10/100[35] are standard image classifica-
tion datasets with 50,000 training and 10,000 test images
across 10 and 100 classes, respectively. ImageNet[15] is a

large-scale dataset containing 1.2 million training, 50,000
validation, and 100,000 test images spanning 1,000 cate-
gories. For neuromorphic vision tasks, CIFAR10-DVS[39,
40, 45] consists of 10,000 event streams across 10 classes,
with a 9:1 training-to-testing split. DVS128 Gesture[4] is an
event-based gesture recognition dataset with 1,176 training
and 288 test samples, featuring 11 gesture classes recorded
from 29 subjects under three lighting conditions.

Implementation Details. In our experiments, we set the
firing threshold vth to 1, and initialize ↵ and � to 2 and 0.1,
respectively. In the PE block, we adopt a learnable position
encoding method, initializing all values to zero. All exper-
iments are implemented in PyTorch and conducted on an
NVIDIA RTX 3090 GPU, except for ImageNet, which is
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Figure 2. Position encoding locations in SNNs.

Method Architecture Timestep Accuracy

STBP-tdBN [73] ResNet34 6 63.72%

TET [16] ResNet34 6 64.79%

RecDis-SNN [23] ResNet34 6 67.33%

GLIF [70] ResNet34 4 67.52%

IM-Loss [22] ResNet18 6 67.43%

Real Spike [24] ResNet18 4 63.68%
ResNet34 4 67.69%

RMP-Loss [25] ResNet18 4 63.03%
ResNet34 4 65.17%

MPBN [26] ResNet18 4 63.14%
ResNet34 4 64.71%

SEW ResNet [17] ResNet18 4 63.18%
ResNet34 4 67.04%

Ours
ResNet18 4 68.27%± 0.19%

ResNet34 4 70.40%± 0.15%

Table 2. Comparison of training based SNN SOTA on ImageNet.

trained on 8 NVIDIA RTX 4090 GPUs. The total training
epochs are 500 for CIFAR-10, CIFAR-100, and CIFAR10-
DVS, while ImageNet runs for 300 epochs.

4.2. Performance Comparison

Static Image Classification. We evaluate our model on
three static datasets: CIFAR-10, CIFAR-100, and Ima-
geNet. For CIFAR-10/100, STAA-SNNs are applied to
both ResNet-like and VGG-like networks and tested at 1,
2, 3, and 4 timesteps. On ImageNet, the model is evalu-
ated using ResNet-18 and ResNet-34 with 4 time steps. Our
method achieves top accuracies of 97.14% on CIFAR-10,
82.05% on CIFAR-100, and 70.40% on ImageNet, surpass-
ing previous state-of-the-art methods across various archi-
tectures. These improvements are attributed to the strong
spatial-temporal attention mechanism and feature aggrega-

Methods Architecture Timestep Accuracy

CIFAR10-DVS

IM-loss [22] ResNet-19 10 72.60%
LSG [42] ResNet-19 10 77.90%

MPBN [26] ResNet-19 10 74.40%
MPBN [26] ResNet-20 10 78.70%

TET [16] VGGSNN 10 77.30%
IM-LIF [43] VGG-13 10 80.50%
GLIF [70] 7B-wideNet 16 78.10%
STSA [56] STS-Transformer 16 79.93%
SEW [17] SEW-ResNet 16 74.4%

Spikeformer [41] Spikeformer 16 80.9%

Ours
ResNet-20 16 81.90%± 0.20%

VGG-13 16 82.10%± 0.20%

DVS128 Gesture

STBP-tdBN [73] ResNet-17 40 96.87%
SEW [17] 7B-Net 16 97.52%
PLIF [18] PLIFNet 20 97.57%

MA-SNN [66] 5 layers SCNN 20 98.23%
ASA-SNN [67] 5 layers SCNN 20 97.70%

IM-LIF [43] ResNet-19 40 97.33%
LIAF+TA [65] TA-SNN-Net 60 98.61%
Spike-driven- Transformer-2-512 16 99.30%Transformer [69]

Ours VGG-13 16 98.61%± 0.20%

Table 3. Comparison results with SOTA methods on CIFAR10-
DVS and DVS128 Gesture.

tion capabilities of STAA-SNNs, which fully leverage the
potential performance of SNNs. Furthermore, our model
achieves equivalent accuracy while requiring at least one
fewer timestep compared to prior methods, improving effi-
ciency without sacrificing performance.

Event-based Action Recognition. To further assess the
spatial-temporal processing capabilities of STAA-SNNs,
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Figure 3. Distribution of accuracy with different dropout probabil-
ity � in TSRD on CIFAR-10.

STAA Components TSRD Accuracy Accuracy Gain
GC PE SA

7 7 7 7 72.30% -
X 7 7 7 73.22% +0.92%
X X 7 7 73.79% +1.49%
X X 7 X 73.96% +1.66%
X X X 7 74.78% +2.48%
X X X X 75.10% +2.80%

Table 4. Combinations of sub-modules in STAA with TSRD.

we conduct experiments on the DVS128 Gesture and
CIFAR10-DVS datasets. Unlike static datasets, these neu-
romorphic datasets contain temporal event streams, requir-
ing models to efficiently process spiking sequences. As
shown in Tab. 3, our model achieves state-of-the-art or
superior performance with a smaller network and fewer
timesteps. Specifically, STAA-SNNs achieve 82.10% accu-
racy on CIFAR10-DVS and 98.61% on the DVS128 Gesture
dataset, demonstrating their effectiveness in event-based ac-
tion recognition tasks.

4.3. Ablation Study

All ablation studies with T=4 using ResNet-20 as baseline.

Position encoding placement. To optimize PE in SNNs,
we evaluate its best placement within the network. Given
the structural complexity of SNNs compared to CNNs,
identifying the most effective integration point is crucial.
As shown in Fig. 2, we evaluate four placement strategies
(b)-(e) alongside a baseline SNN without PE (a), ensuring
all other conditions remain constant. The CIFAR-10 accura-
cies for (b) to (e) are 94.08%, 94.29%, 94.27%, and 93.96%,
respectively. The highest performance occurs when PE is
placed at the pre-aggregation spatial input port (c). Al-
though (b) and (d) yield similar results, (d) introduces ad-
ditional parameters without significant gains. Thus, placing
PE at the pre-aggregation spatial input port achieves the best
balance between accuracy and efficiency.

Evaluation of position encoding methods. We next eval-
uate different encoding methods to determine the most ef-
fective approach. The results on CIFAR-10 indicate that
learnable PE achieves an accuracy of 94.99%, outperform-
ing fixed PE, which attains 94.42%. This 0.57% improve-
ment highlights the advantage of adaptive position encod-
ing, as it enables the network to dynamically adjust spa-
tial representations, leading to better feature alignment and
overall performance.

Impact of dropout probability � in TSRD. To acceler-
ate training and enhance generalization in TSRD, it is es-
sential to determine an optimal dropout probability �. Ex-
cessive dropout may lead to network collapse by discarding
too much information, while insufficient dropout may limit
its regularization effect. As shown in Fig. 3, by incremen-
tally increasing � from 0.1 to 1.0, the model achieves rela-
tively high performance when �  0.3, and achieving opti-
mal at 0.1. These results confirm that excessive dropout re-
moves essential information, degrading performance, while
a balanced dropout probability effectively suppresses noise
in deeper timesteps while preserving critical information in
shallower steps. This enables the network to navigate criti-
cal learning stages more effectively, enhancing both stabil-
ity and robustness.

Combinations of sub-modules in STAA with TSRD. To
evaluate the contribution of each sub-module in STAA,
as well as the impact of TSRD, we conduct an ablation
study by progressively integrating these components into
the SNN. The results on CIFAR-100 are presented in Tab. 4.
Notably, the GC block alone improves accuracy by 0.92%,
while the SA block contributes an additional 1.14%, high-
lighting the importance of spatio-temporal attention and
feature aggregation reconstruction in enhancing SNN per-
formance. When all components, including TSRD, are in-
corporated, the accuracy reaches 75.10%, demonstrating a
cumulative improvement of 2.80% over the baseline.

Impact of Intermediate Dimension Scaling Coefficients

in GC. The GC module incorporates multiple 1 ⇥ 1 con-
volutions for feature transformation. Retaining the orig-
inal channel size C for the last two convolutions layers
would significantly increase computational overhead. To
maintain the module’s efficiency while preserving perfor-
mance, a scaling coefficient r is introduced within the GC
to compress feature dimensions. By applying this scaling
mechanism, the parameter count is reduced from (C ·C) to
(2C · C/r), making the module more computationally fea-
sible. We conduct experiments to assess the impact of dif-
ferent r values, as shown in Fig. 5. The results indicate that
the model achieves optimal performance when r = 4, ef-
fectively balancing computational efficiency and accuracy.
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Figure 4. Visualization on CIFAR10-DVS. Ten layers from VGG-13 in a shallow to deep manner.

Figure 5. Impact of different scaling coefficients r for intermediate
feature dimensions in the GC module on the CIFAR-10 dataset.

4.4. Visualization and Analysis

We aggregate 4D (T,C,H,W ) spiking maps into 2D
(H,W ) and apply Grad-CAM to visualize feature extrac-
tion at different depths. As shown in Fig. 4, the left displays
a sample from the horse class in CIFAR10-DVS, while the
right compares vanilla LIF and STAA-LIF feature maps.
STAA-LIF focuses more effectively on target-relevant fea-
tures, capturing finer details like the horse’s mouth, which
the vanilla LIF model misses. This highlights the advantage
of spatio-temporal attention in enhancing feature selectivity.

4.5. Analysis of Computation Efficiency

We evaluate the single-image inference energy cost us-
ing 45-nm technology. ANNs rely on multiplication-and-
accumulation (MAC) operations, which consume 4.6 pJ per
operation, whereas SNNs primarily use accumulation (AC)
operations at a significantly lower cost of 0.9 pJ per oper-
ation, making SNNs inherently more energy-efficient [31,
49]. Following [11], we assess the efficiency of ResNet-20,
which requires 0.10 billion ACs, 0.06 billion MACs, 0.87
billion FLOPs, and consists of 12.69 million parameters.
Under these conditions, inference on CIFAR-100 (with a
32×32 resolution and T=4) results in an energy consump-
tion of 0.366 mJ, demonstrating the energy-efficient nature
of ResNet-20. Additional computational efficiency experi-
ments are provided in the Supplementary Material.

5. Conclusion

In this paper, we introduce STAA-SNN, a spatio-temporal
attention-based feature aggregator, together with the TSRD
training strategy. STAA-SNN leverages the inherent abil-
ity of SNNs to process spatio-temporal information, thereby
enhancing network performance while reducing the number
of required timesteps. Our approach achieves state-of-the-
art results across multiple benchmarks. STAA-SNN is de-
signed as a plug-and-play module that seamlessly integrates
into convolution-based SNN architectures. It is composed
of several synergistic modules that collectively enhance its
capabilities. The GC module simulates the brain’s ability
to process information across a broad spatial range, involv-
ing multiple brain regions in coordination. By focusing on
spatial feature relevance, it enables the model to capture
global structures and key stimuli in its environment. The
PE module enhances temporal encoding by incorporating
time-step information into feature representations, mirror-
ing the brain’s ability to integrate temporal and spatial cues
for improved understanding of time-dependent relation-
ships. The SA module mimics the brain’s dynamic atten-
tion mechanisms, adjusting feature importance across time
steps by adaptively enhancing or suppressing information.
This prioritization of critical temporal features strengthens
decision-making and overall network efficiency. Together,
these modules form a robust spatio-temporal feature en-
hancement system that improves cognitive processing, ro-
bustness, and overall model performance. Despite these
promising results, future research should focus on reducing
computational energy consumption to further improve effi-
ciency, particularly for resource-constrained applications.
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