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Abstract

Spiking Neural Networks (SNNs) present a more energy-
efficient alternative to Artificial Neural Networks (ANNs)
by harnessing spatio-temporal dynamics and event-driven
spikes. Effective utilization of temporal information is
crucial for SNNs, leading to the exploration of attention
mechanisms to enhance this capability. Conventional at-
tention operations either apply identical operation or em-
ploy non-identical operations across target dimensions. We
identify that these approaches provide distinct perspec-
tives on temporal information. To leverage the strengths
of both operations, we propose a novel Dual Temporal-
channel-wise Attention (DTA) mechanism that integrates
both identical/non-identical attention strategies. To the
best of our knowledge, this is the first attempt to concen-
trate on both the correlation and dependency of temporal-
channel using both identical and non-identical attention op-
erations. Experimental results demonstrate that the DTA
mechanism achieves state-of-the-art performance on both
static datasets (CIFAR10, CIFAR100, ImageNet-1k) and dy-
namic dataset (CIFAR10-DVS), elevating spike representa-
tion and capturing complex temporal-channel relationship.
We open-source our code: https://github.com/
MnJnKIM/DTA-SNN .

1. Introduction
Artificial Neural Networks (ANNs) have achieved sig-

nificant strides in image recognition through attention
mechanisms and complex architectures like deeper-wider
neural networks. However, these approaches accompany a
substantial increase in computational demands and power
consumption, which poses challenges for practical applica-
tions. To alleviate these challenges, Spiking Neural Net-
works (SNNs) have emerged, leveraging spatio-temporal
dynamics and event-based spikes as activation functions.
SNNs replace power-intensive multiply-accumulate oper-
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ations with more efficient accumulation processes [37].
These characteristics enable SNNs to more accurately re-
semble the actual computations of the human brain [32],
offering extreme energy efficiency and low-latency cal-
culations when implemented in neuromorphic hardware
[3, 12, 33].

Nevertheless, the spike-based information transmission
poses significant challenges due to their non-differentiable
activation function. To address this issue, the ANN-to-SNN
(A2S) conversion method [40] establishes a connection be-
tween the neurons of SNNs and ANNs, enabling ANNs to
be trained first and then converted to SNNs. While A2S
conversion achieves comparable performance to ANNs, it
requires numerous time steps and disregards the various al-
terations of temporal information in SNNs. In contrast, di-
rect training approaches [2, 34, 44], which train SNNs us-
ing surrogate gradient (SG) alleviate the non-differentiable
for spike activation. SG-based methods [4, 9, 29] demon-
strate effective performance on large datasets with fewer
timesteps and can directly process temporal data.

To further advance the capability of SNNs in selectively
attending to pertinent information within temporal data, at-
tention mechanism has seen widespread adoption. For in-
stance, TA [46] demonstrates the potential of temporal-
wise attention for SNNs. Multi-dimensional Attention
methodology [48] enhances performance through the non-
identical attention across temporal, channel, and spatial
dimensions. Additionally, TCJA [55] effectively extracts
spatio-temporal features by combining temporal and chan-
nel information with an identical attention at the same stage.
Recently, Gated Attention Coding (GAC) [35] leverages
non-identical attention with a single multi-dimensional at-
tention block at the input stage.

In this paper, we consider that the attention mechanism
depends on the identical and non-identical operation, which
yield different expressive capabilities, and both operations
improve spike representation. To realize this, we propose a
novel dual Temporal-channel-wise attention (DTA) mech-
anism, which efficiently and effectively enhances feature
representation for SNNs by combining the benefits of both
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(a) DTA architecture. (b) DTA-SNN architecture.

Figure 1. (a) shows the overall workflow of our proposed Dual Temporal-channel-wise Attention (DTA) mechanism. The DTA incor-
porates Temporal-channel-wise identical Cross Attention (T-XA) and Temporal-channel-wise Non-identical Attention (T-NA) modules to
administer an identical operation and non-identical operations across temporal and channel dimensions, respectively. (b) illustrates our
proposed DTA-SNN architecture, which embeds a single DTA block into a spiking neural network (SNN).

identical and non-identical attention operations, leading to
seizure of complex temporal-channel dependency. As illus-
trated in Figure 1a, the DTA mechanism is composed of two
independent attention strategies: Temporal-channel-wise
identical Cross Attention (T-XA) and Temporal-channel-
wise Non-identical Attention (T-NA). Initially, the T-XA
module performs identical operation of temporal and chan-
nel dimensions to ensure elaborate temporal-channel cor-
relation via cross attention. In contrast, the T-NA module
addresses non-identical operations to interpret both local
and global dependencies of the temporal-channel, leading
to abundant spike representation. Additionally, as visual-
ized in Figure 1b, we implement SNNs consisting of a sin-
gle DTA block by adopting MS-ResNet structure [20] and
GAC scheme [35] to prove that a single DTA block can out-
perform previous studies using multiple attention blocks in
SNNs. Our implementation alleviates the high computa-
tional cost, memory usage, and low interpret-ability associ-
ated with multiple attention blocks. Our contributions are
summarized below:

• To the best of our knowledge, this is the first at-
tempt to incorporate both identical/non-identical atten-
tion mechanisms into the SNNs. Our proposed DTA
mechanism notes that the expressive capabilities of
attention relies on a dual temporal-channel-wise per-
spective.

• We introduce a novel T-XA module, which simul-
taneously considers the correlation of temporal and
channel information with the identical attention op-
eration. We also show that the T-NA module em-
ploys non-identical operations to handle the com-
bined temporal-channel dimension from both intra-
and inter-dependencies.

• Our proposed DTA mechanism, incorporating a sin-
gle DTA block, achieves state-of-the-art performance
on static and dynamic datasets. Experimental re-
sults demonstrate exceptional accuracy, with 96.73%
/81.16% on CIFAR10/100 [1], 71.29% on ImageNet-
1k [25], and 81.3% on CIFAR10-DVS [27].

2. Related Works
2.1. SNN Training Methods

The two primary training approaches for SNNs are the
A2S conversion and the DT of SNNs. The A2S conversion
methods typically involve transforming pre-trained ANNs
into SNNs by replacing the activation functions with spik-
ing neurons. For instance, these conversion methods have
been proposed, including threshold balancing [6], spik-
ing equivalents [38], soft reset [17], calibration algorithms
[19, 28], rate norm layer [7], quantization [21, 26, 42], and
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(a) T-XA module. (b) T-NA module. (c) Details of T-XA and T-NA modules.

Figure 2. (a) presents the overall structure of the T-XA module, (b) illustrates the design of the T-NA module, and (c) shows the overall
architecture of the Temporal Local Attention (TLA), the Channel Local Attention (CLA), the Local Temporal-Channel Attention (LTCA),
and the Global Temporal-Channel Attention (GTCA).

residual membrane potential [18, 42]. While these methods
are predominantly applied to CNNs, recent works [24, 50]
have explored their application to Transformers. However,
A2S conversion methods have not yet surpassed the perfor-
mance of ANNs, and the rate coding scheme of these meth-
ods constrains the temporal dynamics of SNNs, leading to
elevated energy consumption.

The DT approaches [9, 34] train SNNs from scratch and
utilize SG to resolve non-differentiability of spiking neu-
rons. These methods are capable of handling temporal
data, such as event-based datasets, with fewer time-steps
required for training. Conventional spiking neuron mod-
els, including integrate-and-fire (IF) and leaky integrate-
and-fire (LIF) [44], which implements spike-based infor-
mation transmission, while recent advancements introduced
novel models such as PLIF [10], GLIF [49], and CLIF
[22]. Early DT methods, like BPTT [34], iteratively up-
date gradients through spatial and temporal dimensions, and
[14,45] demonstrated efficiency on both dynamic and static
datasets. However, these methods adopted SG as a tanh-
like function, causing explosion or vanishing of gradient.
Recent researches addressed these challenges by propos-
ing various SG methods, including triangular shapes [4,
29, 36], sigmoid functions [43, 51], and adaptive-learnable

SG [5, 30, 41]. Additionally, several studies [8, 23, 52] ex-
plored temporal-based batch normalization to manage tem-
poral covariate shift.

2.2. Attention Mechanism in SNNs

The attention mechanism in CNNs overcomes inher-
ent limitations by focusing on salient regions or channels
within an image and selectively emphasizing prominent
features. This advantage has catalyzed research into ex-
tending these techniques to SNNs, investigating how at-
tention mechanisms can be harnessed to enhance perfor-
mance of SNNs. TA [46] presented a temporal-wise at-
tention mechanism with the squeeze-and-excitation block,
which assigns attention factors to each temporal-wise in-
put frame in SNNs, and demonstrated the potential of
attention mechanisms in processing temporal data. The
multi-dimensional attention methodology [48] promotes
membrane potentials to use attention weights via sequen-
tial application of temporal/channel/spatial-wise attention,
and their performance gains were validated across various
benchmark datasets. TCJA [55] has proven the effective-
ness of joint attention by integrating temporal and channel
information with 1-D convolution, enabling the low-cost ex-
traction of spatio-temporal features in SNNs. Nonetheless,
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the aforementioned methods rely on direct coding, which
necessitates the use of multiple attention blocks. Conse-
quently, these methods frequently generate iterative-similar
outputs at each time step, resulting in weak spike represen-
tation and limited spatio-temporal dynamics. To address
this issue, Gated Attention Coding (GAC) [35] effectively
captured variations in temporal information using a single
attention block and demonstrated strong performance on
static datasets.

3. Methods
3.1. Neuron Model and Surrogate Gradient for

SNNs

We adopt the iterative LIF neuron model proposed in
[44], and its dynamics can be described as follows:

un(t) = τun(t− 1)⊙ (1− sn(t− 1)) + cn(t), (1)

where un(t) represents the membrane potential of spiking
neuron in the n-th layer at the time step t, τ is the time
constant determining the decay rate of membrane potential,
and (1 − sn(t − 1)) resets the potential to 0 after a spike.
The symbol ⊙ denotes element-wise multiplication.

The synaptic input current cn(t) is computed as:

cn(t) = Wn ⋆ sn−1(t), (2)

where Wn is the synaptic weight matrix, and sn−1(t) rep-
resents the output spikes from the previous layer at the time
step t. The symbol ⋆ denotes the synaptic operation, which
involves either convolutional or fully connected layers.

When the membrane potential un(t) exceeds the thresh-
old, a spiking output sn(t) is generated. It is defined as
follows:

sn(t) = H(un(t)− Vth), (3)

where sn(t) is the binary spiking output generated by the
Heaviside step function H, and Vth is the firing threshold.
The Heaviside step function yields 1 when (un(t)− Vth) is
non-negative, and 0 otherwise. Additionally, we update the
weight of SNNs using the spatial-temporal backpropagation
[44]:

∆Wn =
∑
t

∂L

∂Wn
=

∑
t

∂L

sn(t)

∂sn(t)

∂un(t)

∂un(t)

∂cn(t)

∂cn(t)

∂Wn
,

(4)
From the above equation, the term ∂sn(t)/∂un(t) indicates
gradient of the spiking function, which remains zero value
with the exception of the scenario where un(t) equals to
V th. To circumvent the non-differentiability, previous stud-
ies have introduced diverse forms of SG methods [4, 9, 29].
We implement the triangular SG method, as follows:

∂sn(t)

∂un(t)
=

{
α(1− α · δn(t)) if δn(t) < 1

α

0 otherwise
, (5)

where the constant α determines the maximum activation
range of the gradient by adjusting the non-zero interval, and
δn(t) denotes |un(t)− Vth|.

3.2. Dual Temporal-channel-wise Attention

We present the Dual Temporal-channel-wise Attention
(DTA) mechanism, which integrates two identical/non-
identical attention strategies: Temporal-channel-wise iden-
tical Cross Attention (T-XA) and Temporal-channel-wise
Non-identical Attention (T-NA). Our proposed DTA mech-
anism aims to efficiently and richly enhance feature rep-
resentation by combining the benefits of both identical
and non-identical attention, effectively capturing complex
temporal-channel correlation and temporal-channel depen-
dency:

ODTA = σ(OT−XA ⊙OT−NA)⊙ Spikes, (6)

The outputs of the DTA block are derived by combining the
outputs of T-XA and T-NA through element-wise multipli-
cation ⊙ with the sigmoid function σ. This process lever-
ages the strengths of both identical and non-identical atten-
tion mechanisms, by simultaneously integrating the empha-
sis with spikes. Specifically, as shown in Figure 1a, the
T-XA module executes an identical operation across both
temporal and channel dimensions, ensuring fine-grained
temporal-channel correlation. Contrastively, the T-NA
module addresses inputs by applying non-identical opera-
tions that comprehend both local and global dependencies
across the temporal and channel dimensions, enabling abun-
dant feature representation in SNNs.

3.3. Temporal-channel-wise identical Cross Atten-
tion

We first use the T-XA module to refine XA in the DTA
block, as shown in Figure 2a. The T-XA module is a
global attention branch, which consists of Temporal-wise
Local Attention (TLA(·)) and Channel-wise Local Atten-
tion (CLA(·)) branches. To implement the T-XA module,
we consider the correlation of temporal and channel infor-
mation through cross attention and the operation of the T-
XA module, as follows:

T−XA(X) = TLA(X)⊙ CLA(X), (7)

where X ∈ R(T×C×H×W ) is the inputs from pre-synaptic
neurons. We transform the X into enhanced features
F

(TD,SD)
SMP ∈ R(TD×SD). Here, TD and SD represent that

the target and subtarget dimensions, respectively, and we
primarily focus on TD, considering SD in the each local
branch. Additionally, we use Spatial Mean Pooling (SMP)
to capture the global cross-acceptance field, which reflects
interactive correlation, supplying efficiently extracted fea-
tures. The F

(TD,SD)
SMP is generated through SMP over the
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spatial dimensions H and W of the X , and the F
(TD,SD)
SMP

is defined as:

F
(TD,SD)
SMP = SMP (X,TD, SD),

=
1

H ×W

H∑
i=1

W∑
j=1

X(TD,SD). (8)

Each local attention branch simultaneously processes the
temporal and channel dimensions while using a small num-
ber of optimized parameters to provide attention, thereby
enriching the temporal-channel representation in SNNs. As
shown in Figure 2c, We obtain the features FLA from the
local attention branch and the definition is as follows:

FLA = PTD(σ(conv(F
(TD,SD)
SMP )))⊕X(TD,SD), (9)

where the conv(·) is 1D convolution operation along the
TD with the SD, the feature map FTD obtained by this op-
eration is generated through the sigmoid function σ, and the
attention map FTD

attn is scaled with the learnable parameter
PTD. Finally, FTD

attn and F (TD,SD) are combined through
the residual operation ⊕ to obtain FLA. FTLA and FCLA,
obtained from TLA(·) and CLA(·) respectively, are then
merged using the element-wise multiplication operation to
output features Foutput of T-XA.

3.4. Temporal-channel-wise Non-identical Atten-
tion

As illustrated in Figure 2b, we introduce the T-NA mod-
ule to effectively address both intra/inter-dependencies be-
tween temporal and channel information via non-identical
operations. Concretely, our T-NA module consists of
local and global temporal-channel attention, and given
inputs X ∈ RT×C×H×W are reshaped inputs X ′ ∈
R(T×C)×H×W for alleviating computational cost of atten-
tion such as 3D convolution or 3D pooling. The X ′ is pro-
jected to attain features F ′ via encoding operation for the
enriched representation of X ′:

F ′ = f(X ′), (10)

where functional operation f(·) includes 2D convolution
operation with 1× 1 kernel and GELU function.

As shown in Figure 2c, to address intra-dependency
of temporal-channel information, we propose the local
temporal-channel attention (LTCA) mechanism, which pro-
cesses the F ′ using several convolution operations as fol-
lows:

LTCA(F ′) = fPW (fDDW (fDW (X ′))), (11)

where fPW , fDDW and fDW are point-wise, dilation-
depth-wise and depth-wise convolution operations, respec-
tively, and those convolution operations effectively cap-
ture intra-dependency of the temporal-channel while main-
taining computational efficiency. Concurrently, we present

the global temporal-channel attention (GTCA) mechanism
to enable adaptive responses to inter-information of the
temporal-channel, as follows:

GTCA(F ′) = fMB(fGAP (F
′)), (12)

where fGAP (·) indicates global average pooling, which
compresses F ′ by averaging spatial dimensions to high-
light the global context of the temporal-channel fea-
tures. Then, the emphasized features are manipulated
using the MLP bottleneck structure fMB(·), which con-
sists of the Linear−ReLU−Linear sequence. This fMB

first squeezes and then expands them in order to rein-
force the feature representation by effectively incorporating
inter-dependency of temporal-channel information. Subse-
quently, the attention maps from LTCA(·) and GTCA(·)
are integrated through element-wise multiplication with the
original F ′ to yield the attention features F ′

attn:

F ′
attn = F ′

LTCA ⊙ F ′
GTCA ⊙ F ′. (13)

Finally, we exploit decoding operation fconv(·) with
1 × 1 convolution to handle the F ′

attn, and utilize resid-
ual connection for facilitating more accurate attention and
contributing more stable training in the T-NA module:

F ′
output = fconv(F

′
attn)⊕X ′. (14)

Layer COut IOut ResNet-18 ResNet-34

Conv1 32×32 112×112 3×3, 64, s=1 7×7, 64, s=2

Conv2 32×32 56×56
[3×3, 128]
[3×3, 128]

×3
[3×3, 64]
[3×3, 64]

×3

Conv3 16×16 28×28
[3×3, 256]
[3×3, 256]

×3
[3×3, 128]
[3×3, 128]

×4

Conv4 8×8 14×14
[3×3, 512]
[3×3, 512]

×2
[3×3, 256]
[3×3, 256]

×6

Conv5 - 7×7 -
[3×3, 512]
[3×3, 512]

×3

AveragePooling, FC-10/100 FC-1000

Table 1. Architecture of MS-ResNet utilized for CIFAR10/100
and ImageNet-1k datasets in DTA-SNNs. COut and IOut rep-
resent the sizes of output features in the CIFAR10/100 and
ImageNet-1k datasets, respectively.

4. Experiments

In Section 4.1, we first describe the experimental setup
used to evaluate our proposed DTA mechanism for SNNs.
Next, in Section 4.2, we demonstrate the effectiveness of the
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DTA mechanism through a comparative analysis with state-
of-the-art (SOTA) methods. Finally, we conduct an abla-
tion study to further investigate the impact of the individual
modules of the DTA mechanism, as detailed in Section 4.3.

4.1. Settings

Datasets. We evaluate our DTA mechanism on four types
of classification benchmark datasets, encompassing both
static and dynamic datasets. First, we use CIFAR10 and
CIFAR100 [1], widely recognized static image classifica-
tion benchmarks with 10 and 100 classes of natural images,
respectively. Next, we employ ImageNet-1k [25], a large-
scale static image classification dataset comprising 1,000
classes of diverse objects. Finally, we utilize CIFAR10-
DVS [27], an event-based image classification dataset de-
rived from scanning each sample of the static CIFAR10
dataset using DVS cameras.

Dataset Batch
Size

Epochs
Time
Step

Initial
LR

Decay

CIFAR10 64 250 4/6 0.1 5e-5
CIFAR100 64 250 4/6 0.1 5e-5
ImageNet-1k 128 200 4/6 0.1 1e-5
CIFAR10-DVS 64 1000 10 0.05 0

Table 2. Hyper-parameter training settings for DTA-SNNs.

Implementation Details. We implement our proposed
DTA mechanism using the PyTorch framework, conduct
experiments on several NVIDIA A100 GPUs, and adopt
the MS-ResNet structure [20] to build SNNs that consist
of a single DTA block, as visualized in Figure 1b. For ex-

periments on the CIFAR10/100, we utilize MS-ResNet18,
whereas MS-ResNet34 is employed for the ImageNet-1k
dataset, as shown in Table 1. In the case of the CIFAR10-
DVS dataset, the input size is set to 48×48, which leads to
adjustments in the internal output sizes of the MS-ResNet18
architecture. Furthermore, we use the SGD optimizer with
0.9 momentum and a cosine annealing schedule [31] for all
our experiments, with detailed hyper-parameters described
in Table 2. Additionally, the hyper-parameters for the itera-
tive LIF neuron are configured with the firing threshold Vth

of 1.0 and the time constant τ of 0.5. For the overall exper-
iments, we follow widespread data augmentation strategies
from previous studies [8, 16, 22, 23, 35, 47, 48, 53, 54]. No-
tably, in contrast to other SOTA algorithms [11, 22, 55] that
use TET loss [4], we demonstrate the effectiveness of our
attention mechanism using standard cross-entropy loss.

4.2. Comparisons with SOTA methods

CIFAR10/100. On the CIFAR10/100 datasets, each exper-
iment was conducted three times, with the mean accuracy
and standard deviation reported and summarized in Table 3.
Our proposed method outperformed previous best results
with higher accuracy and fewer time steps. Specifically,
DTA-SNN achieves SOTA performance with 96.73% top-
1 accuracy at 6 time steps and 96.50% accuracy at 4 time
steps. Compared to non-identical attention method, DTA-
SNN surpassed the GAC-SNN accuracy of 96.46% at 6 time
steps with an accuracy of 96.50% at just 4 time steps on
the CIFAR10 dataset. Moreover, we also obtained 0.71%
higher performance than GAC-SNN at 6 time steps on the
CIFAR100 dataset. These results demonstrate the effective-
ness of our dual attention operations.

Method Type NN Architecture Parameter(M) Time Step CIFAR10 Acc(%) CIFAR100 Acc(%)

RMP-SNN [17] A2S VGG-16 33.64/34.01 2048 93.63 70.93
SRP [18] A2S VGG-16 33.64/34.01 32/64 95.42/95.40 77.01/77.10
QCFS [7] A2S VGG-16/ResNet-18 33.64/11.22 32/64 95.54/95.55 76.45/76.37

Diet-SNN [36] DT ResNet-20 - 10 92.54 64.07
Dspike [29] DT ResNet-18 11.17/11.22 6 94.25 74.24

STBP-tdBN [52] DT ResNet-19 12.63 4/6 92.92/93.16 -
TET [4] DT ResNet-19 12.63/12.67 4/6 94.44/94.50 74.47/74.72

TEBN [8] DT ResNet-19 12.63/12.67 4/6 95.58/95.60 76.13/76.41
GLIF [49] DT ResNet-19 12.63/12.67 4/6 94.85/95.03 77.05/77.35

Real Spike [15] DT ResNet-19/VGG-16 12.63/- 4/6 95.60/95.71 70.62/71.17
Ternary Spike [13] DT ResNet-19 12.63 1/2 95.28/95.60 78.13/79.66

TAB [23] DT ResNet-19 12.63/12.67 4/6 95.94/96.09 76.81/76.82
CLIF [22] DT ResNet-18 11.17/11.22 4/6 96.01/96.45 79.69/80.58

MPBN [16] DT ResNet-19 12.63/12.67 1/2 96.06/96.47 78.71/79.51
GAC-SNN [35] DT MS-ResNet-18 12.63/12.67 4/6 96.24/96.46 79.83/80.45

DTA-SNN(Ours) DT MS-ResNet-18 12.99/13.03
4
6

96.50 ± 0.09
96.73 ± 0.11

79.94 ± 0.08
81.16 ± 0.27

Table 3. Comparison with SOTA on CIFAR10/100.
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Method Type NN Architecture Parameter(M) Time Step Accuracy(%)

SRP [18] A2S Modified-VGG-16 138.36 32/64 69.35/69.43
QCFS [7] A2S ResNet-34 21.79 32 69.37

RMP-SNN [17] A2S ResNet-34 21.79 4096 69.89
Diet-SNN [36] DT VGG-16 - 5 69.00

Dspike [29] DT ResNet-34 21.79 6 68.19
TET [4] DT ResNet-34 21.79 6 64.79

SEW-ResNet [9] DT SEW-ResNet-34 21.79 4 67.04
MS-ResNet [20] DT Ms-ResNet-34 21.80 6 69.43

GLIF [49] DT ResNet-34 21.79 6 69.09
Real Spike [15] DT ResNet-34 21.79 4 67.69

Ternary Spike [13] DT ResNet-34 21.79 4 70.12
TAB [23] DT ResNet-34 21.79 4 67.78

MPBN [16] DT ResNet-34 21.79 4 64.71
GAC-SNN [35] DT MS-ResNet-34 21.93 4/6 69.77/70.42

DTA-SNN(Ours) DT MS-ResNet-34 22.02
4
6

70.27
71.29

Table 4. Comparison with SOTA methods on ImageNet-1k.

Method NN Architecture T Accuracy (%)

Dspike [29] ResNet-18 10 75.4
STBP-tdBN [52] ResNet-19 4 67.8

TET [4] VGGSNN 10 77.3
TEBN [8] 7-layerCNN 10 75.1

SEW-ResNet [9] SEW-ResNet 16 74.4
MS-ResNet [20] Ms-ResNet-20 - 75.6

GLIF [49] 7B-wideNet 16 78.1
Real Spike [15] ResNet-20 10 78.0

Ternary Spike [13] ResNet-20 10 78.7
TAB [23] 7-layerCNN 4 76.7

MPBN [16] ResNet-20 10 78.7
Spikformer [54] Spikformer-2-256 10 78.9

Spikingformer [53] Spikingformer-2-256 10 79.9
Spike-driven [47] S-Transformer-2-256 16 80.0

TA-SNN [46] 5-layerCNN 10 72.0
TCJA-SNN [55] VGGSNN 10 80.7

DTA-SNN(Ours) MS-ResNet-18 10 81.3± 0.3

Table 5. Comparison with SOTA methods on CIFAR10-DVS.

ImageNet-1k. We evaluated our DTA mechanism using
the widely utilized large-scale static dataset ImageNet-1k
and adopted MS-ResNet34 as the backbone, assessing the
mechanism at 4 and 6 time steps, as detailed in Table 4. At
4 time steps, we achieved a notable performance of 70.27%.
Our method, regardless of the training type, outperformed
recent A2C conversion methods with substantially fewer
time steps: SRP (69.43%), QCFS (69.37%), RMP-SNN
(69.89%), and DT methods: Dspike (68.19%) and GLIF
(69.09%). At 6 time steps, we achieved an additional 0.87%
increase in top-1 accuracy, surpassing the best result of pre-
vious attention mechanisms [35] at the same time step, with
only a minor parameter increase of approximately 0.09. Ex-
periments on large-scale static datasets demonstrate that the

method consistently achieved strong performance regard-
less of the training type, approach, or number of time steps.
CIFAR10-DVS. We evaluate the proposed DTA mecha-
nism on the widely used dynamic dataset CIFAR10-DVS,
which provides 0.9k training samples per label. Compared
to static datasets, dynamic datasets suffer from significant
noise, making them more prone to overfitting when trained
with complex architectures. However, our approach, utiliz-
ing MS-ResNet-18 as the backbone, achieves best with an
accuracy of 81.03% at 10 time steps, surpassing previous
approaches based on transformer architectures [47, 53, 54].
This demonstrates that our model effectively learns tempo-
ral patterns in dynamic datasets. The results of our experi-
ments on CIFAR10-DVS are reported as the mean and stan-
dard deviation over three runs, as shown in Table 5.

4.3. Ablation Study

We conducted experiments on both the static CIFAR100
dataset and the dynamic CIFAR10-DVS dataset to validate
the effectiveness of our proposed identical and non-identical
attention approach, built upon temporal-channel-wise pro-
cessing. To comprehensively assess the impact of the T-
XA/T-NA modules and the DTA block, we performed a se-
ries of ablation studies. The results, detailed in Table 6,
demonstrate that the DTA mechanism is crucial for boost-
ing overall performance. The DTA mechanism achieved the
highest performance, with improvements of approximately
1.6% and 1.2% on CIFAR100 and CIFAR10-DVS, respec-
tively, compared to the baseline. This indicates that apply-
ing the attention mechanism to enrich spike representation
in SNNs is reasonable. Furthermore, the inherent dynam-
ics in SNNs, driven by temporal information, resulted in
slightly more noticeable performance gains from attention
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Figure 3. Grad-CAM results for CIFAR10-DVS, visualized across 10 classes in four rows. The first row shows the original images,
followed by Grad-CAM visualizations generated using only T-XA in the second row and only T-NA in the third row. The fourth row
illustrates the results of the DTA mechanism.

T-XA T-NA
CIFAR100 CIFAR10-DVS

(T=6) (T=10)

✗ ✗ 79.74 80.4
✓ ✗ 80.56 80.8
✗ ✓ 80.78 81.2
✓ ✓ 81.28 81.6

Table 6. Top-1 test accuracy (%) for ablation studies of T-XA and
T-NA modules.

mechanisms in the dynamic dataset (CIFAR10-DVS) com-
pared to the static dataset (CIFAR100), as observed across
all ablation studies. This implies that the attention mech-
anism, which mirrors the dynamic neural processes in hu-
mans, exerts a more pronounced effect in dynamic environ-
ments. Moreover, in most SNN architectures, the number of
simulation time steps is generally higher than the number of
channels, leading us to interpret this as a need to emphasize
temporal-channel relationship through attention. Therefore,
we considered both identical and non-identical attention
mechanisms for temporal-channel correlation and depen-
dency. As shown in the experimental results, the applica-
tion of each module individually outperformed the baseline
performance. Thus, the DTA combined from each mod-
ule yielded the most optimal results, capturing a broader
range of relevant features compared to any module used in
isolation. In addtion, as shown in Figure 3, we deployed
Grad-CAM [39] on 10 classes to assess the impact of re-
moving specific components within the DTA-SNN archi-
tecture. The study highlights how our proposed attention
mechanism affects the model’s ability to localize key fea-
tures even in dynamic data with significant noise. In sum-

mary, this demonstrates the remarkable effectiveness of the
complementary dual attention operations, which accounts
for both correlation and dependency within the temporal-
channel domain.

5. Conclusion

In this work, we introduce a novel DTA mechanism that
integrates the T-XA and the T-NA modules. Our proposed
DTA mechanism addresses a gap in prior research by si-
multaneously exploiting both identical and non-identical at-
tention operations to analyze temporal-channel correlation
and dependency. In detail, the T-XA module focuses on
temporal-channel correlations through an identical attention
operation, while the T-NA module captures both local and
global dependencies of the temporal-channel using non-
identical attention operations. By consolidating these two
strategies into a single DTA block, our proposed attention
mechanism effectively enriches the spike representation and
identifies variations in temporal-channel information, en-
hancing the comprehension of SNNs regarding complex
temporal-channel relationship. Thus, extensive experiments
demonstrate that our method consistently yields SOTA per-
formance on both static and dynamic datasets, including
CIFAR10 (96.73%), CIFAR100 (81.16%), ImageNet-1k
(71.29%), and CIFAR10-DVS (81.3%).
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