
3.3 Loss-Derived Calculation for ST-ERFs

Based on Eq. (3), computing the ST-ERF in SNNs requires evaluating first-order derivatives of
outputs with respect to all input features. To obtain the ST-ERF conveniently, we introduce the
loss-derived calculation method to efficiently compute using PyTorch’s Automatic Differentiation
functionality. Consider a SNN with input spike features sω→1, output spike features sω at the ω-th layer,
and an arbitrary loss function L. The spatial ERF of SNNs can be easily obtained by calculating the
average of the gradient of the loss with respect to input features at position (i, j) across all timesteps
T . Specifically, it can be computed as follows:
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The temporal ERF of SNNs can be obtained by calculating the sum of the gradient of the loss function
with respect to input features at timestep T ↑ ϑ across all spatial positions. It can be computed as:
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î,ĵ
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Proof can be found in Appendix A. We refer to the conditions in Eq. (6) and (7) as gradient stimuli.
Based on this proposition, we could easily obtain the spatial and temporal ERF with automatic
back-propagation without an explicit loss function.

4 Problem Analysis on Transformer-based SNNs using ST-ERF

In this section, we use the ST-ERF framework to analyze existing Transformer-based SNNs and
identify their limitations in visual long-sequence modeling tasks.

4.1 Different ST-ERF Behaviors in Transformer-based SNNs

We apply the ST-ERF framework to analyze Transformer-based SNNs’ spatial ERF behaviors across
all timesteps. Specifically, we compared two groups of architectures(a: ViT-like architecture group
and b: Meta-architecture group) with their ANN counterparts to investigate the differences in the
formation of their spatial ERFs. For the loss-derived calculation, we set the central patch across all
channels and timesteps in the output tensor as the gradient stimuli (uniform values of 1), then perform
automatic back-propagation. Each experiment comprised 60 iterations using randomly sampled input
tensors under standard normal distribution (µ = 0,ϖ2 = 1). Note that we average the ST-ERF over
all timesteps to obtain a clear visualization.

ViT-B SDT-V1 (8-384)

ANN SNN
(a) (b)

ANN

CAFormer-s18 Meta-SDT-S

SNN

Figure 2: Comparison of spatial ERF with ANN Vision Transformers and ST-ERF with different
Transformer-based SNNs. (a) ViT-like architecture comparison group: ViT-B and SDT-V1. (b)
Meta-architecture comparison group: CAFormer-s18 and its counterpart Meta-SDT-S.

The comparison of ViT-like architectures is illustrated in Figure 2(a). Compared with the classic
ViT-B, SDT-V1 exhibits a more centrally concentrated yet markedly narrower spatial ERF. This
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Figure 1: (a): Human visual field. (b): ERF in ANNs. (c): ST-ERF in SNNs

The other type is the Splash-and-reconstruct Block (SRB), which employsSN-MLP -BN -SN-Conv-
BN architecture. By engaging two different layers of behaviors—the convolutional layer and the
MLP layer—this hybrid design enhances the spatial receptive field while simultaneously introducing
the local attention characteristics inherent to convolutions, as formulated in Equation(11). Moreover,
this hybrid design requires fewer parameters and lower computational cost than MLPixer, making it a
more efficient alternative.

X �= X + SSC( X ),X ��= X �+Mixer ch(X �)
Mixerch(·) = BN(Conv(SN(BN(MLP( SN))))) (11)

6 Experiments

6.1 Spatial ERF Evolution Behavior through stages in S-ViT

To investigate the perceptual role of our proposed modules in S-ViT networks, we conducted a stage-
wise extraction and vertical comparison of temporal-averaged spatial ERFs between our two Meta-
SDT variants and previous S-ViT models. The results are illustrated in Figure 4. Spikformer exhibits
diffuse receptive fields across all stages, while SDT-V1, Meta-SDT, and QKFormer demonstrate
initially centered receptive fields that gradually expand as the network deepens, all manifesting a
Gaussian-like effect. Additionally, we observed Receptive Field Dissipation in SDT-V1 during the
final stage. In contrast, our proposed models establish robust global spatial receptive fields from the
early stages, which is advantageous for capturing long-range dependent features in the data.

Figure 4: Comparison of S-ViT temporal-averaged spatial ERF evolution behavior through stages

6.2 Performance in Long-sequence Vision Modeling Tasks

We selected two challenging datasets to evaluate performance on classic visual long-sequence model-
ing tasks: object detection and instance segmentation on COCO 2017, and semantic segmentation on
the ADE20K dataset. Detailed settings can be found in Appendix H. The results are illustrated in
Table 1 on COCO 2017 and Table 2 on ADE20K. Our proposed models outperforms the SDT-v3
model under the same training schedule. Furthermore, the Splash-and-reconstruct block demonstrates
superior performance across all proposed novel architectures, enhancing model capabilities while
reducing parameter count. This indicates that the integration of Conv and MLP layers produces a
synergistic effect that confers significant advantages in long sequence modeling tasks.

8

Compared to traditional artificial neural networks(ANNs), 
spiking neural networks(SNNs) has complex spatial-temporal 
interactions. In ANN field, the effective receptive field (ERF) 
serves as a valuable tool for analyzing feature extraction 
capabilities in visual long-sequence modeling. We hope to 
extend the framework to be capable for SNNs so that we 
could analyze the learning behaviors inside a SNN model.
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Fig. 1. Basic neuron model in (a) ANNs and (b) SNNs.

The rest of this paper is organized as follows: Section 2 intro-
duces some preliminaries of ANNs and SNNs, as well as typical
network topologies and benchmark datasets; Section 3 system-
atically proposes signal conversion methods, testing workloads,
training algorithms, and evaluation metrics; The experimental
setup and result analyses along with visualizations are provided
in Section 4; Finally, Section 5 concludes and discusses the paper.

2. Preliminaries

In this section, we give the preliminary knowledge of ANNs
and SNNs for visual recognition, including neuron models, net-
work topologies, and benchmark datasets.

Neurons are the basic compute units, which are wired by
abundant synapses to form a neural network. If we treat the
neural network as a graph, each neuron and synapse can be
viewed as a node and edge, respectively. As aforementioned,
there are two categories of neural networks: ANNs and SNNs,
which will be explained in detail as follows.

2.1. Artificial neural networks

Fig. 1(a) depicts the model of a typical artificial neuron. The
compute process is governed by

y = ω(b +

)

j

xjwj) (1)

where x, y, w, and b are input activation, output activation,
synaptic weight, and bias, respectively, and j is the index of
input neuron. ω(·) is a nonlinear activation function, e.g. ω(x) =

ReLU(x) = max(x, 0). Neurons in ANNs communicate with each
other using activations coded in high-precision and continuous
values, and only propagate information in the spatial domain
(i.e. layer by layer). From the above equation, it can be seen that
the multiply-and-accumulate (MAC) of inputs and weights is the
major operation in ANNs.

2.2. Spiking neural networks

Fig. 1(b) shows a typical spiking neuron, which has a similar
structure but different behavior compared to the ANN neuron.
By contrast, spiking neurons communicate through spike trains

coded in binary events rather than the continuous activations in
ANNs. The dendrites integrate the input spikes and the soma con-
sequently conducts nonlinear transformation to produce the out-
put spike train. This behavior is usually modeled by the popular
LIF model (Gerstner et al., 2014), described as
[
]]]]]⌊

]]]]]⌋

ε du(t)
dt = →[u(t) → ur1 ] +

⌈
j wj

⌈
tkj ↑STwj

K (t → tkj )
[
]⌊

]⌋
s(t) = 1 & u(t) = ur2 , if u(t) ↓ uth

s(t) = 0, if u(t) < uth

(2)

where (t) denotes the time step, ε is a time constant, and u and
s are the membrane potential and output spike, respectively. ur1
and ur2 are the resting potential and reset potential, respectively.
wj is the synaptic weight from the jth input neuron, tkj is the
time when the kth spike of the jth input neuron fires within the
integration time window of Tw (a spike sequence of STwj in total),
and K (·) is a kernel function describing the time decay effect. uth
is the firing threshold that determines whether to fire a spike or
not. Besides the LIF model, there also exist other neuron models
in SNNs, such as the model of Hodgkin and Huxley (1952) or
Izhikevich (2003). However, due to the higher complexity they
are not widely used in practical SNN models.

Different from ANNs, SNNs represent information in spike
patterns and each spiking neuron experiences rich dynamic be-
haviors. Specifically, besides the information propagation in the
spatial domain, the current state is tightly affected by the past
history in the temporal domain. Therefore, SNNs usually have
more temporal versatility but lower precision compared to ANNs
mainly with spatial propagation and continuous activations. Since
a spike only fires when the membrane potential exceeds a thresh-
old, the entire spike signals are often sparse and the compute can
be event driven (only enabled when a spike input arrives). Fur-
thermore, because the spike is binary, i.e. 0 or 1, the costly mul-
tiplication between the input and weight can be removed if the
integration time window Tw equals to 1 (see Section 3.5). For
above reasons, SNNs can usually achieve lower power consump-
tion compared to ANNs with intensive computation.

2.3. Typical network topologies

The basic layer topologies used to build neural networks are
fully-connected (FC) layer, recurrent layer, and convolutional
(Conv) layer (as well as pooling layer). The corresponding net-
works are named as multi-layered perceptron (MLP), RNNs, and
CNNs, respectively. MLP and RNNs only include stacked FC layers
with or without recurrent connections in each layer as shown in
Fig. 2(a) and (b), respectively. For CNNs shown in Fig. 2(c), they
directly target the processing of 2D features instead of the 1D
ones in MLP and RNNs. Each neuron in the convolutional (Conv)
layer only receives inputs from a local receptive field (RF) across
all feature maps (FMs) in previous layer. The basic calculation
of each neuron is the same as Eq. (1) or (2). In addition, CNNs
also use the pooling layer to down sample the size of each FM
individually via outputting the maximum (i.e. max pooling) or
average (i.e. average pooling) value of each RF, and use the FC
layer for final classification.

2.4. Benchmark datasets

Fig. 3 illustrates two different types of benchmark datasets
we used for visual recognition. The upper two rows are sam-
pled from MNIST (LeCun, Bottou, Bengio, & Haffner, 1998) and
CIFAR10 (Krizhevsky & Hinton, 2009) datasets. Because they are
frame-based static images and widely used in ANNs, we call
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3 Theoretical Analysis of Spatio-temporal Effective Receptive Field

In this section, we first introduce the concept of ERF in conventional ANNs. Subsequently, we extend
this conventional ERF into the temporal dimension to characterize the ST-ERF in SNNs. Finally, we
introduce a loss-derived method to efficiently compute ST-ERF in SNNs.

3.1 ERF in ANNs

The concept of the ERF has been widely adopted to analyze how input features contribute to network
activations and how such influences are distributed within the RF [40, 41]. Under the assumption
of a single channel per layer, Luo et al. [37] mathematically characterized how each input feature
contributes to the output of a neural network layer. It can be defined as follows:

ERF(i,j)[y(m,n);x] =
ωy(m,n)

ωx(i,j)
, (1)

where x → R1 is the input feature and y → R2 is the output feature. In this manner, the ERF measures
the partial derivative of an output feature y(m,n) → y with respect to each input feature x(i,j) → x
within a given layer. As illustrated in Figure 1(b), the ERF of a given network F(; ε) describes the
input regions that contribute to a particular output activation.

As shown in Eq. (1), the ERF can be computed at any output location. However, most studies evaluate
the ERF at the central output feature y(0,0) by assigning a unit gradient to this location [53, 54]. This
practice establishes a centered and symmetric reference, ensuring stable and comparable visualization
results. In this work, we also follow the setting of [37] and adopt the ERF at the central output feature
y(0,0) as the evaluation metric.

3.2 ST-ERF in SNNs

Due to the inherent temporal dynamics, SNNs require additional consideration of the input at each
timestep. To address this, we formally define the ST-ERF (i.e., ERF(S,T )). Firstly, we redefine the
mapping relationship of SNNs. Consider a SNN layer with learnable parameters ε that maps input
spike features x[1 : T ] → R̂1 to output spike features y[1 : T ] → R̂2:

y[1 : T ] = F(x[1 : T ]; ε),F : R̂1 ↑ R̂2. (2)
Its ERF needs to account not only for the accumulation across spatial dimensions but also for that
across temporal dimensions. Specifically, ERF(S,T ) → R̂1 can be expressed as:

ERF(S,T )
(i,j) [ y(m,n)[t], ϑ ;x ] =

ωy(m,n)[t]

ωx(i,j)[t↓ ϑ ]
, 1 ↔ t ↔ T, 0 ↔ ϑ ↔ t↓ 1. (3)

Accordingly, ERF(S,T ) quantifies how much each input feature x(i,j)[t ↓ ϑ ] → x at a previous
timestep t ↓ ϑ contributes to a specific output feature y(m,n)[t] → y. Based on this definition, the
spatial ERF (i.e., ERF(S)) can be seen as the weighted average of the ST-ERFs over all timesteps:

ERF(S)
(i,j)[ y(m,n);x] =

1

T

T∑

t=1

t→1∑

ω=0

w(t, ϑ) · ERF(S,T )
(i,j) [ y(m,n)[t];x, ϑ ], (4)

where w(t, ϑ) represents the relative contribution of the input with delay ϑ at time t to the output. The
specific form of w(t, ϑ) depends on the neuronal dynamics and network architecture. For example,
in Leaky Integrate-and-Fire (LIF) neurons, inputs closer to the current time step may have a higher
influence due to the decay of membrane potential over time.

The temporal ERF (i.e., ERF(T )) can be seen as the integration over the spatial dimensions of
ST-ERF to indicate the contribution of inputs at different timesteps to the final output:

ERF(T )[ϑ ;x] =
∑

i,j

∑

m,n

ERF(S,T )
(i,j) [ y(m,n)[T ];x, ϑ ]. (5)

As shown in Figure 1(c), we visualize an example of the ST-ERF. Similar to conventional ERF
analysis, we focus on the center of the feature map at a specific timestep (e.g., the final timestep
in Fig. 1(c)) to analyze the spatio-temporal feature representations in an SNN. Depending on the
purpose of analysis, one may investigate the spatial distribution of the ST-ERF at a given timestep
(spatial ERF) or its temporal distribution across one or more layers (temporal ERF).
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As shown in Figure 1(c), we visualize an example of the ST-ERF. Similar to conventional ERF
analysis, we focus on the center of the feature map at a specific timestep (e.g., the final timestep
in Fig. 1(c)) to analyze the spatio-temporal feature representations in an SNN. Depending on the
purpose of analysis, one may investigate the spatial distribution of the ST-ERF at a given timestep
(spatial ERF) or its temporal distribution across one or more layers (temporal ERF).
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activations and how such influences are distributed within the RF [40, 41]. Under the assumption
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contributes to the output of a neural network layer. It can be defined as follows:
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Mainstream Transformer-based SNNs 
incorporates multiple convolutional layers at 
the early stage of the network, facilitating 
low-level spatial features extraction from 
input images. This design enhances local 
feature extract ion, yet i t inherent ly 
constrains the model’s capacity to aggregate 
information across distant spatial regions. 
Together, these findings suggest that the 
convolutional operations enhances local 
feature sensitivity but poses challenges for 
maintaining long-range spatial coherence in 
Transformer-based SNNs.

3.3 Loss-Derived Calculation for ST-ERFs

Based on Eq. (3), computing the ST-ERF in SNNs requires evaluating first-order derivatives of
outputs with respect to all input features. To obtain the ST-ERF conveniently, we introduce the
loss-derived calculation method to efficiently compute using PyTorch’s Automatic Differentiation
functionality. Consider a SNN with input spike features sω→1, output spike features sω at the ω-th layer,
and an arbitrary loss function L. The spatial ERF of SNNs can be easily obtained by calculating the
average of the gradient of the loss with respect to input features at position (i, j) across all timesteps
T . Specifically, it can be computed as follows:
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ω
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{
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0, otherwise

.

(6)
The temporal ERF of SNNs can be obtained by calculating the sum of the gradient of the loss function
with respect to input features at timestep T ↑ ϑ across all spatial positions. It can be computed as:

ERF(T )[ϑ ] =
∑
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∑
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εsω
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[T ]
= 1. (7)

Proof can be found in Appendix A. We refer to the conditions in Eq. (6) and (7) as gradient stimuli.
Based on this proposition, we could easily obtain the spatial and temporal ERF with automatic
back-propagation without an explicit loss function.

4 Problem Analysis on Transformer-based SNNs using ST-ERF

In this section, we use the ST-ERF framework to analyze existing Transformer-based SNNs and
identify their limitations in visual long-sequence modeling tasks.

4.1 Different ST-ERF Behaviors in Transformer-based SNNs

We apply the ST-ERF framework to analyze Transformer-based SNNs’ spatial ERF behaviors across
all timesteps. Specifically, we compared two groups of architectures(a: ViT-like architecture group
and b: Meta-architecture group) with their ANN counterparts to investigate the differences in the
formation of their spatial ERFs. For the loss-derived calculation, we set the central patch across all
channels and timesteps in the output tensor as the gradient stimuli (uniform values of 1), then perform
automatic back-propagation. Each experiment comprised 60 iterations using randomly sampled input
tensors under standard normal distribution (µ = 0,ϖ2 = 1). Note that we average the ST-ERF over
all timesteps to obtain a clear visualization.

ViT-B SDT-V1 (8-384)

ANN SNN
(a) (b)

ANN

CAFormer-s18 Meta-SDT-S

SNN

Figure 2: Comparison of spatial ERF with ANN Vision Transformers and ST-ERF with different
Transformer-based SNNs. (a) ViT-like architecture comparison group: ViT-B and SDT-V1. (b)
Meta-architecture comparison group: CAFormer-s18 and its counterpart Meta-SDT-S.

The comparison of ViT-like architectures is illustrated in Figure 2(a). Compared with the classic
ViT-B, SDT-V1 exhibits a more centrally concentrated yet markedly narrower spatial ERF. This
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Re-design of Channel Mixer Block

MLPixer mitigates the 
ERF’s bias toward a 
Gaussian-like central 
concentration and 
enabling SNNs to 
capture long-range 
dependencies more 
effectively. 

SRB module replaces only 
the second convolution in 
the channel mixer with a 
single-layer MLP operation. 
I n t h i s manne r, SRB 
module reduces additional 
p a r a m e t e r s w h i l e 
maintaining performance. 

(a)

Conv

BN

Conv

BN

MLP

BN

MLP

BN

(b)

MLP

BN

Conv

BN

(c)

Figure 3: Comparison between the original channel mixer design and our proposed methods, along
with their ST-ERF. For clearer visualization, the ST-ERF is averaged over timesteps. (a) Vanilla
convolution-based channel mixer. (b) Proposed MLPixer architecture. (c) Proposed SRB architecture.
Obviously, the vanilla convolution-based channel mixer exhibits a limited ST-ERF, whereas our
MLPixer and SRB modules achieve a more global ST-ERF. Moreover, due to the reduced use of
convolutions, MLPixer exhibits an even broader effective receptive field.

Building on this, we further propose the SRB module. It replaces only the second convolution in the
channel mixer with a single-layer MLP operation. Specifically, the SRB is defined as follows:

SRB(X) = BN
(
MLP

(
SN{BN(Conv{SN(X)})}

))
. (9)

Here, Conv(·) denotes a 1→1 convolution operation. In this manner, SRB module reduces additional
parameters while maintaining performance. To validate the effectiveness of our approach, we visualize
the ERFs of the Conv-based mixer, the MLPixer, and the SRB modules.

As shown in Figure 3(a), the vanilla convolution-based channel mixer exhibits a limited ST-ERF. In
contrast, the proposed MLPixer and SRB modules demonstrate a more global ST-ERF. Furthermore,
the comparison between Figure 3(b) and Figure 3(c) further demonstrates that MLPixer exhibits
a more global ERF. This stems from reduced use of convolutions and further suggests that MLPs
provide stronger global modeling capacity than convolutional operators. We will validate the proposed
module on visual long-sequence modeling tasks in the experiment section.

Figure 4: The overall architecture of Meta-SDT, which typically comprises four hierarchical stages.
The first two stages use convolution-based SNN blocks, while the latter two adopt Transformer-SNN
blocks. To strengthen the global modeling capacity of SNNs, we introduce two novel channel mixer
architectures, MLPixer and SRB, to replace the convolution-based SNN blocks in the first two stages.
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Spikformer shows diffuse receptive fields across all stages. 
SDT-V1, Meta-SDT, and QKFormer exhibit more centered 
spatial distributions that gradually expand as depth increases. 
Our two Meta-SDT variants establish global spatial receptive 
fields in the early stages.

Experiments & Conclusion
COCO 2017 Performance

Arch. #T #P APb APb
50 APb

75 APm APm
50 APm

75

SDTv3-T[33] 4 25M 15.2 35.5 10.2 15.2 33.0 12.3
MLPixer(ω4) 4 24M 16.2 37.0 11.5 15.2 32.9 12.5
MLPixer(ω6) 4 25M 17.5 38.5 13.2 16.2 34.5 13.5
SRB(ω4) 4 25M 18.2 39.2 13.8 17.5 34.8 14.3
SDTv3-B[33] 4 39M 21.7 46.9 17.0 20.1 41.8 17.5
MLPixer(ω4) 4 36M 22.9 47.6 19.2 21.0 43.4 18.3
MLPixer(ω6) 4 39M 25.1 48.8 22.5 21.9 43.5 19.6
SRB(ω4) 4 37M 25.8 48.9 22.8 22.5 43.9 20.4

Table 1: Object detection and instance segmenta-
tion with Mask R-CNN on COCO val2017, using
ImageNet-1K pre-training and 1→ training schedule.

Arch. Ch. Mixer #T Param.(M) mIoU(%)

SDTv3
-T[33]

C2d-k3(ω4) 4 6.5 BASE 34.9 BASE
MLPix.(ω4) 4 5.9 (→0.6) 34.9 (↑0.0)
MLPix.(ω6) 4 6.6 (↑0.1) 35.9 (↑1.0)

SRB(ω4) 4 6.2 (→0.3) 38.2 (↑3.3)

SDTv3
-B[33]

C2d-k3(ω4) 4 20.4 BASE 41.1 BASE
MLPix.(ω4) 4 18.0 (→2.4) 42.0 (↑0.9)
MLPix.(ω6) 4 20.7 (↑0.3) 43.4 (↑2.3)

SRB(ω4) 4 19.2 (→1.2) 43.7 (↑2.6)

Table 2: Segmentation results on ADE20K
based on different mixer block, using
ImageNet-1K pre-training and 160k iter.

method to convert event streams into event frames. We strictly adhere to the original training
protocol, modifying only the backbone by replacing SDTrack with our proposed SDTrack+MLPixer
or SDTrack+SRB variants. As presented in Table 3, extensive experiments on the FE108 [69] and
VisEvent [70] datasets demonstrate that our architectures surpass the original SDTrack in several key
metrics. These results confirm that both the MLPixer and SRB designs preserve the Transformers-
based SNNs’ performance, yet highlight opportunities for further improvement in subsequent temporal
benchmarks.

Table 3: Performance comparison on event-based object tracking, a challenging yet important
application for SNNs. Evaluation is conducted on two benchmark datasets, FE108 and VisEvent.

Architecture Timesteps Param. (M) FE108 [69] VisEvent [70]

AUC(%) PR(%) AUC(%) PR(%)

SD-Track(Tiny) [18] 4→ 1 19.61 56.7 89.1 35.4 48.7
+MLPixer (ω = 4) 4→ 1 20.21 57.1 89.2 33.7 47.3
+MLPixer (ω = 6) 4→ 1 22.99 57.9 90.1 34.5 48.9
+SRB (ω = 4) 4→ 1 21.43 58.2 88.5 33.8 48.0

7 Conclusion

This paper presents ST-ERF as a novel framework for analyzing the spatial-temporal modeling
behaviors in SNNs from a new perspective. Through this analysis, an inherent limitation in current
Transformer-based SNN models is identified when applied to visual long-sequence modeling tasks.
To address this limitation, two channel-mixer architectures, MLPixer and SRB, are proposed. Visu-
alization of ST-ERF demonstrates that both modules enhance the global receptive field. Extensive
experiments on long-sequence modeling tasks, including object detection and semantic segmentation,
show that MLPixer and SRB improve overall performance, with SRB achieving an optimal balance
between accuracy and model size. Furthermore, the study investigates complex event modeling tasks
to assess the applicability of MLPixer and SRB in more challenging scenarios. Overall, the proposed
ST-ERF framework offers valuable insights for the design and optimization of SNN architectures
across a wide range of tasks.
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SRB(ω4) 4 25M 18.2 39.2 13.8 17.5 34.8 14.3
SDTv3-B[33] 4 39M 21.7 46.9 17.0 20.1 41.8 17.5
MLPixer(ω4) 4 36M 22.9 47.6 19.2 21.0 43.4 18.3
MLPixer(ω6) 4 39M 25.1 48.8 22.5 21.9 43.5 19.6
SRB(ω4) 4 37M 25.8 48.9 22.8 22.5 43.9 20.4

Table 1: Object detection and instance segmenta-
tion with Mask R-CNN on COCO val2017, using
ImageNet-1K pre-training and 1→ training schedule.

Arch. Ch. Mixer #T Param.(M) mIoU(%)

SDTv3
-T[33]

C2d-k3(ω4) 4 6.5 BASE 34.9 BASE
MLPix.(ω4) 4 5.9 (→0.6) 34.9 (↑0.0)
MLPix.(ω6) 4 6.6 (↑0.1) 35.9 (↑1.0)

SRB(ω4) 4 6.2 (→0.3) 38.2 (↑3.3)

SDTv3
-B[33]

C2d-k3(ω4) 4 20.4 BASE 41.1 BASE
MLPix.(ω4) 4 18.0 (→2.4) 42.0 (↑0.9)
MLPix.(ω6) 4 20.7 (↑0.3) 43.4 (↑2.3)

SRB(ω4) 4 19.2 (→1.2) 43.7 (↑2.6)

Table 2: Segmentation results on ADE20K
based on different mixer block, using
ImageNet-1K pre-training and 160k iter.

method to convert event streams into event frames. We strictly adhere to the original training
protocol, modifying only the backbone by replacing SDTrack with our proposed SDTrack+MLPixer
or SDTrack+SRB variants. As presented in Table 3, extensive experiments on the FE108 [69] and
VisEvent [70] datasets demonstrate that our architectures surpass the original SDTrack in several key
metrics. These results confirm that both the MLPixer and SRB designs preserve the Transformers-
based SNNs’ performance, yet highlight opportunities for further improvement in subsequent temporal
benchmarks.

Table 3: Performance comparison on event-based object tracking, a challenging yet important
application for SNNs. Evaluation is conducted on two benchmark datasets, FE108 and VisEvent.

Architecture Timesteps Param. (M) FE108 [69] VisEvent [70]

AUC(%) PR(%) AUC(%) PR(%)

SD-Track(Tiny) [18] 4→ 1 19.61 56.7 89.1 35.4 48.7
+MLPixer (ω = 4) 4→ 1 20.21 57.1 89.2 33.7 47.3
+MLPixer (ω = 6) 4→ 1 22.99 57.9 90.1 34.5 48.9
+SRB (ω = 4) 4→ 1 21.43 58.2 88.5 33.8 48.0

7 Conclusion

This paper presents ST-ERF as a novel framework for analyzing the spatial-temporal modeling
behaviors in SNNs from a new perspective. Through this analysis, an inherent limitation in current
Transformer-based SNN models is identified when applied to visual long-sequence modeling tasks.
To address this limitation, two channel-mixer architectures, MLPixer and SRB, are proposed. Visu-
alization of ST-ERF demonstrates that both modules enhance the global receptive field. Extensive
experiments on long-sequence modeling tasks, including object detection and semantic segmentation,
show that MLPixer and SRB improve overall performance, with SRB achieving an optimal balance
between accuracy and model size. Furthermore, the study investigates complex event modeling tasks
to assess the applicability of MLPixer and SRB in more challenging scenarios. Overall, the proposed
ST-ERF framework offers valuable insights for the design and optimization of SNN architectures
across a wide range of tasks.
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