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Abstract

Spiking Neural Networks (SNNs) have a low-power advantage
but perform poorly in image segmentation tasks. The reason is
that directly converting neural networks with complex archi-
tectural designs for segmentation tasks into spiking versions
leads to performance degradation and non-convergence. To
address this challenge, we first identify the modules in the ar-
chitecture design that lead to the severe reduction in spike fir-
ing, make targeted improvements, and propose Spike2Former
architecture. Second, we propose normalized integer spiking
neurons to solve the training stability problem of SNNs with
complex architectures. We set a new state-of-the-art for SNNs
in various semantic segmentation datasets, with a signifi-
cant improvement of +12.7% mIoU and 5.0× efficiency on
ADE20K, +14.3% mIoU and 5.2× efficiency on VOC2012,
and +9.1% mIoU and 6.6× efficiency on CityScapes.

Introduction
Spiking Neural Networks (SNNs) emulate the spatiotempo-
ral dynamics and spike-based communication of biological
neurons. The former ensures the network’s representation
(Maass 1997), while the spike-driven paradigm introduced
by the latter allows SNNs to perform sparse computing when
deployed on neuromorphic chips (Merolla et al. 2014; Davies
et al. 2018), thereby benefiting from low power consumption
(Roy, Jaiswal, and Panda 2019; Schuman et al. 2022). A no-
table example is the sensing-computing neuromorphic chip
Speck, which operates at a power level as low as 0.7mW in
typical visual scenes (Yao et al. 2024d).

The complex neuronal dynamics and binary activations
make it challenging to train large-scale SNNs. It took a long
time for the SNN field to effectively address this issue through
surrogate gradient training (Wu et al. 2018; Neftci, Mostafa,
and Zenke 2019a) and residual learning design (Fang et al.
2021; Hu et al. 2024b). Currently, SNNs have achieved com-
mendable performance on simple image classification tasks
(Yao et al. 2024b,a). Unfortunately, when it comes to com-
plex visual tasks that require the use of sophisticated neural
network architectures, SNNs fall short.
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For instance, in image segmentation, an additional seg-
mentation head is required alongside the backbone used for
image classification, resulting in a network structure that is
significantly more complex than that for classification. Sim-
ply converting complex Artificial Neural Networks (ANNs)
into spiking versions or directly applying residual designs
from classification tasks often leads to a notable drop in per-
formance. Consequently, the few existing SNN models (Kim,
Chough, and Panda 2022; Zhang, Fan, and Zhang 2023; Yao
et al. 2024a; Su et al. 2024; Patel et al. 2021) that tackle
image segmentation tasks tend to perform poorly.

This work explores the application of SNNs with more
complex architectures to image segmentation tasks. Specif-
ically, Mask2Former (Cheng et al. 2022) is a classic
Transformer-based per-mask classification architecture con-
sisting of three parts: a backbone network; a Feature Pyramid
Network (FPN) pixel decoder with a multi-scale deformable
transformer encoder block; and a transformer decoder block.
Directly converting the Mask2Former architecture into a
spiking version results in obvious performance degradation
and non-convergence. To address this, we investigated which
modules in the spiking Mask2Former contribute to the sig-
nificant loss of information, where the spiking neurons in
these modules nearly cease to fire.

The first module with severe spike degradation is the de-
formable attention transformer encoder block in the FPN
decoder. In the vanilla Mask2Former, the query operation
in the deformable attention block is inherently sparse; if the
queried information consists of sparse spikes, this could re-
sult in significant information loss. To address this, we in-
corporate convolution blocks in encoder blocks and redesign
the deformable attention blocks to preserve more effective
information and energy efficiency. The second key module
that leads to information loss is the final mask embedding
layer. This layer is crucial as it outputs the final segmentation
results; however, being at the deepest part of the network, the
semantic information that reaches this point is already greatly
diminished. To end this, we build an auxiliary information
branch to enhance the representation of mask embedding.

Another challenge is that, beyond architectural design,
spiking neurons inherently introduce information loss by
converting continuous values into binary spikes. This issue
has long plagued the SNN field, leading to the development
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of various methods aimed at refining the membrane poten-
tial distribution, such as attention mechanism (Yao et al.
2023) and information maximization loss (Guo et al. 2022).
Recently, Luo et al. proposed an integer training and spike
inference method in spiking CNNs to address this challenge.
However, this approach does not extend to more complex ar-
chitectures like Mask2Former, which require numerical sta-
bility and precise representation in the interaction of cross-
modal features (Cheng, Schwing, and Kirillov 2021; Carion
et al. 2020; Li et al. 2023). To address this, we propose a novel
normalization method that normalizes integers during train-
ing to facilitate training, while ensuring that the spike-driven
nature during inference remains unaffected.

The proposed methods are validated on the popular
datasets ADE20k, CityScapes, Pascal VOC2012 for seman-
tic segmentation. Spike2Former far exceeds the best models
in SNNs in both performance and energy consumption and
is comparable to the ANNs. The main contributions are:

1) Spike2Former. We analysis the challenge of applying
SNNs to complex architecture and propose a transformer-
based image segmentation method, Spike2Former, that incor-
porates the Spike-driven Deformable Transformer Encoder
(SDTE) and Spike-Driven Mask Embedding (SDME) mod-
ule to resolve the information deficiency and improve model
performance.

2) NI-LIF Spiking Neuron. We design a novel spiking
neuron, NI-LIF, to increase the training stability and reduce
the information deficiency in complex segmentation method.
The NI-LIF normalizes the integer activation during training
and can be equivalent to spike-driven in inference, capitaliz-
ing on the low power nature of SNNs.

3) Performance: The proposed Spike2Former obtains a
remarkable performance improvement in popular segmen-
tation tasks with low power consumption, demonstrating
the potential of SNNs in complex scenarios. Spike2Former
achieves a new state-of-the-art ADE20k (+12.7% mIoU
and 5.0×), Pascal VOC2012 (+14.3% mIoU and 5.2×),
CityScapes (+9.1% mIoU and 6.6×)).

Related Works
SNN Training
Training methods in Spiking Neural Networks (SNNs)
mainly fall into two categories: ANN-to-SNN conversion
and direct training. While ANN-to-SNN conversion inherits
from traditional neural networks, it suffers from longer time
steps and limited real-time processing capabilities (Li et al.
2022; Bu et al. 2022; Wu et al. 2021). Direct training with
surrogate gradients (Neftci, Mostafa, and Zenke 2019b) of-
fers better flexibility but typically yields lower performance.
Inspired by recent Integer-based Leaky Integrate-and-Fire
(I-LIF) neurons, which bridge the gap between training and
inference through virtual timesteps, we adopt the direct train-
ing approach for its architectural flexibility (Hu et al. 2024b;
Fang et al. 2021; Wu et al. 2018). Recently, Luo et al. in-
troduced a novel spiking neuron that trains the model with
Integer activation as a virtual timesteps and converts the Inte-
ger into binary spikes by expanding virtual timesteps during
inference. We take this inspiration and further improve it for

more complex application scenes.
SNN Backbone Design
SNN backbone designs can be broadly categorized into
CNN-based and Transformer-based approaches. CNN-based
SNNs primarily focus on improving the Spike-ResNet archi-
tecture (Zheng et al. 2021) through diverse design of redid-
ual connections such as SEW-ResNet (Fang et al. 2021) and
MS-ResNet (Hu et al. 2024b). Recently, Transformer-based
methods have gained prominence in SNN backbone design.
Approaches such as (Wang et al. 2023; Zhou et al. 2023;
Leroux, Finkbeiner, and Neftci 2023; Yao et al. 2024b,a;
Hu et al. 2024a; Yao et al. 2024c) incorporate spiking neu-
rons into self-attention mechanisms to enhance model per-
formance. These methods are relatively straightforward and
lack complex interactions, making them easier to train within
the SNN framework. Additionally, Luo et al. recently in-
troduced a spike-driven SpikeYOLO model, adapted from
YOLOv8 for object detection, which achieves competitive
performance. However, to mitigate information loss during
feature interactions, this method simplifies the model design,
failing to fully address the challenges of applying SNNs to
complex architectures.
Image Segmentation
In ANNs, image segmentation can be categorized into
per-pixel and per-mask classification. Per-pixel classifica-
tion, often using CNNs, employs Feature Pyramid Net-
works (FPN) to generate segmentation masks. MaskFormer
(Cheng, Schwing, and Kirillov 2021) redefined this as per-
mask classification, generating binary masks and assigning
them semantic classes. Mask2Former (Cheng et al. 2022)
and MaskDINO (Li et al. 2023) further improve the Mask-
Former with more precise refinement of learnable query. In
SNNs, image segmentation remains challenging (Li et al.
2022; Kirkland et al. 2020; Patel et al. 2021). In 2022, (Kim,
Chough, and Panda 2022) introduced spike-driven decoders
(spike-FCN & spike-Deeplab) by converting ANN architec-
tures to SNNs, while Spiking-CGNet (Zhang, Fan, and Zhang
2023) in 2023 developed a segmentation-specific backbone.
More recently, Meta-SpikeFormer (Yao et al. 2024a) directly
trained on FPN achieved competitive results on ADE20k
(Zhou et al. 2017), highlighting the potential of SNN. How-
ever, the performance and energy efficiency of these methods
are poor and limit their application to various scenarios.

Method
Spike2Former adopts the architecture of Mask2Former,
which includes a pyramid backbone, a pixel decoder with
a deformable transformer encoder, a transformer decoder,
and a mask embedding module. In this section, we present
the improvement in the deformable transformer encoder and
mask embedding module, followed by a discussion of the
newly proposed spiking neuron NI-LIF.

Information Deficiency in Query
Query features are essential in transformer-based methods
(Ding et al. 2023; Wang et al. 2024; Jin et al. 2023). They are
primarily used to interact with image features in the Multi-
Scale Deformable Attention (MSDeformAttn) transformer
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Figure 1: (A) The architecture of Spike2Former, we propose Spike-Driven Mask Embedding(SDME) and Spike-driven De-
formable Transformer Encoder to introduce the transformer-based method to SNNs. (B) Micro Design in Spike-Driven De-
formable Transformer Encoder(SDTE) including Spike-driven Deformable attention(SDDA) and Spike Separable Convolu-
tion(ESC). (C) Comparison between NI-LIF and I-LIF. Integer activation results in information loss. NI-LIF normalizes the
integer during training to preserve information and converts them to spikes during inference with only sparse addition.

encoder and transformer decoder within Mask2Former.
However, SNNs face challenges in refining queries due to
the significant loss of rich semantic representations when
converting query into binary spikes. This raise the question:
How can queries preserve information effectively in SNNs?
To address this, we propose modifications in the architecture
design, including deformable attention blocks and the mask
embedding module, which are particularly prone to bias in
SNNs. The details of these modifications will be discussed
in the following of this section.

Spike-driven Deformable Transformer Encoder Spike-
driven Deformable Transformer Encoder(SDTE) consists of
a stack of successive blocks, including an Energy-efficient
Separable Convolution(ESC) module to enhance local con-
nections, a Spike-Driven Deformable Attention(SDDA)

module that conducts deformable attention within queries,
and a Channel-MLP layer to learn non-linear representations.
Energy-efficient Separable Convolution Blocks Yao
et al. utilize a separable convolution to enhance the induc-
tive bias. However, this design significantly increases energy
consumption due to the direct connection of depthwise and
pointwise convolutions. Thus, we propose adding spiking
neuron before the second pointwise convolution for energy
efficiency, denoted as ESC(·), and formulated as follows:

Upw1 = Convpw1(SN(U)) (1)
Udw = Convdw(SN(Upw1)) (2)
Upw2 = Convpw2(SN(Udw)) (3)

where U ∈ RH
16×

W
16×dim means the input membrane poten-

tial (dim denotes the embedding dimension), Convdw(·) de-
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notes depthwise convolutions, and Convpw(·)denote point-
wise convolutions.
Spike-Driven Deformable Attention The MSDefor-
mAttn transformer encoder in Mask2Former refines features
by attending to the global context, dynamically computing
weights from the inputs, and utilizing deformability to adapt
the receptive field size (Cavagnero et al. 2024). Although ef-
fective in ANNs, the sparse sampling strategy in deformable
attention leads to information loss and unstable gradients
(Fig. 2). Thus, we propose converting the attention weights
into spikes instead of spiking the feature queries to bet-
ter preserve the semantic information contained within the
queries. Furthermore, using multi-scale features as queries
significantly increases energy consumption, especially with
high-resolution inputs. We recommend using single-scale
deep image features with convolution blocks to enhance lo-
cal connectivity, thereby improving energy efficiency while
maintaining performance.

Specifically, for the calculation of attention weight and
sampling offsets, we propose adding depthwise convolution
(DWConv) to enhance the understanding of scene context.
As shown in Fig. 1(B), given an input feature map xg , the
Spike-Driven Deformable Attention can be formulated as:

DeformableSDSA(pq,xg) =

G∑
g=1

K∑
k=1

WgAgkW
′

g (4)

·xg(p0 + pk +∆pgk)

where G represents the total number of aggregation groups.
For the g-th group, Wg and W

′
g represent the location-

irrelevant projection weights. Agk denotes the attention
weight corresponding to the k-th sampling point within the
g-th group. ∆pgk represents the offset for the k-th sampling
location pk within the g-th group. Subsequently, Wg, Agk,
and ∆pgk are calculated as follows:

Wg = ESC(xg), (5)

x
′

g = BN(DWConv(SN(xg))), (6)

Agk = SN(BN(Conv(SN(x
′

g)))), (7)

∆pgk = BN(Conv(SN(x
′

g))). (8)
Where theSN represents the spiking neuron. We add spiking
neuron forAgk to convert the attention weight into spike and
maintain the effective information in feature query. Finally,
we apply an ESC block to the input that has been sampled
to the embedding dimension. The output from the SDTE is
then fed into the SpikeFPN (Yao et al. 2024a) to generate
per-pixel embedding.
Spike-Driven Transformer Decoder The Spike-Driven
Transformer Decoder (SDTD) contains a Spike-Driven
Cross-Attention (SDCA) layer, a Spike-Driven Self-
Attention (SDSA) layer, and a Channel-MLP layer. The for-
mulation of SDTD can be written as:

Q
′
= Q+ SDCA(Q,Fi), i = 1, 2, 3 (9)

Q
′′
= Q

′
+ SDSA(Q

′
), (10)

Q
′′′

= Q
′′
+ChannelMLP(Q

′′
). (11)

Figure 2: Illustration of offset-sampling operation in Spike-
Driven Deformable Attention (SDDA). While directly spik-
ing the query (Sampled Spike Query) leads to information
loss, spiking the attention weights (Spike Attention Weight)
effectively preserves the crucial query information.

where Q ∈ RN×C are the N learnable query with with
learnable positional embedding and Fi ∈ RHi×Wi×Bi in-
dicate the multi-scale feature maps obtained from the pixel
decoder, with i ∈ {1, 2, 3}.

Additionally, we replace the re-parameterization convolu-
tion (Yao et al. 2024a) with the combination of Linear and
BatchNorm for energy efficiency. The formulation of SDSA
can be written as:

Qs,Ks,Vs = SN(BN(Conv(SN(Ql−1)))), (12)
Ql = BN(Conv(SN(QsKs

TVs ∗ Scale)) (13)

where the scale of SDSA can be re-parameterized into the
spiking neuron’s threshold. Note that the SDCA obtains the
Ks and Vs from multi-scale feature maps Fi.

Spike-Driven Mask Embedding The mask embedding
module in Mask2Former (Cheng et al. 2022) uses a Multi-
Layer Perceptron (MLP) to convert the per-segment embed-
ding Q to N mask embedding ζmask ∈ RN×C , where C
denotes the object class and N denotes the number of query
and obtain the binary mask prediction M̂ ∈ [0, 1] through
dot product between per-segment embedding M and per-
pixel embedding ζpixel. However, the rich diversity semantic
information corresponding to the segment object within N
mask embedding ζmask will suffer a significant reduction
when converting to binary spikes and further affect the bi-
nary mask predictions. Furthermore, as shown in Fig. 3 we
also found the spike degradation phenomenon in mask em-
bedding that the spiking firing rate before the embedding op-
eration suffers a significant loss and infect the performance.
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Method Model mIoU
(%)

Params
(M) T ×D

Power
(mJ)

Pascal VOC2012

ANN
FCN(Long, Shelhamer, and Darrell 2015) 62.2 49 - 909.6
DeepLabv3(Chen et al. 2017) 66.7 68 - 1240.6
DeepLabv3+(Chen et al. 2018) 77.2 41 - 326.6

ANN2SNN Spike Calibration(Li et al. 2022) 59.6 - 256×1 -

SNN

SpikeFCN(Kim, Chough, and Panda 2022) 9.9 50 20×1 383.5
SpikeDeepLab(Kim, Chough, and Panda 2022) 22.3 68 20×1 523.2
SpikeFPN(Yao et al. 2024a) 58.1 17 1×1 81.4

61.1 59 4×1 179.4

Spike2Former (Ours)
61.8 34 1×2 50.6
62.1 34 2×2 98.3
75.1 34 1×4 63.0
75.4 34 4×4 221.9

ADE20k

ANN

DeepLabv3+(Chen et al. 2018) 42.7 41 - 818.8
MaskFormer(Cheng, Schwing, and Kirillov 2021) 44.5 41 - 243.8

46.7 42 - 253
Mask2Former(Cheng et al. 2022) 47.2 44 - 326.6

47.7 47 - 340.6

SNN SpikeFPN(Yao et al. 2024a) 33.6 17 4×1 88.1
Spike2Former (Ours) 46.3 34 1×4 68.0

CityScapes

ANN

DeepLabv3+(Chen et al. 2018) 79.1 65 - 1241.3
MaskFormer(Cheng, Schwing, and Kirillov 2021) 78.5 41 - 463.5

- - - -
Mask2Former(Cheng et al. 2022) 79.6 44 - 601.6

80.6 47 - 623.4

SNN SCGNet-L(Zhang, Fan, and Zhang 2023) 66.5 1.9 4×1 24.6
Spike2Former (Ours) 75.2 34 1×4 93.8

Table 1: The semantic segmentation results on ADE20k, CityScapes, and Pascal VOC2012 are presented. We obtain
+14.3%,+12.7%, and +9.1%mIoU on Pascal VOC, ADE20k, and CityScapes separately compared with the state-of-the-
art SNN method. The results of MaskFormer and Mask2Former are presented with R50 (Above) and Swin-t (Below) as
backbone, respectively. Power is the estimation of energy consumption as formulated in (Yao et al. 2024b).

Thus, we proposed a Membrane Embedding Shortcut (ME-
Shortcut) to connect the membrane potential from the out-
put of the transformer decoder to mask embedding, which
significantly ensures the training stability and enhances the
effective representation of N mask embedding ζmask.

As shown in Fig. 1(A), we build a ME-Shortcut with a
channel convolution (Howard et al. 2019) parallel with the
MLP layer to enhance the precise representation of ζmask and
reduce the spike degradation phenomenon. In the following,
we convert the ζmask to spikes before multiplying to pixel
embedding ζpixel for spike-driven. Finally, we obtain the
binary mask predictions by:

ζmask = SN(MLP(SN(Q)) + ws ∗ BN(Conv(SN(Q)))),
(14)

M̂ = ζmask · ζpixel. (15)

where theSN(·) is the spiking neuron layer,ws is a learnable
weight initialized with 1.0 to select key feature.

NI-LIF Spiking Neuron
The spiking neuron layer integrates spatio-temporal infor-
mation into the membrane potential and then converts it into
binary spikes for spike-driven computing in the following
layer. Different from the image classification task, dense pre-
diction necessitates a higher demand for numerical stability.
Recent work (Luo et al. 2024) shows a performance increase
in Object Detection with Integer Leaky Integrate-and-Fire
(I-LIF). However, when we attempt to extend the I-LIF to
a more complex architecture like Mask2Former, we found
that gradient instability occurs, especially in the spike-driven
transformer decoder layer. We argue that the potential reason
is that the interaction between object queries and multi-scale
feature maps requires numerical stability. However, the large
integer value in multi-scale feature maps obtained from I-LIF
failed to quantify the precise value and brought quantization
error and information loss. Therefore, we intend to tackle this
issue by normalizing the S[t] with the virtual timesteps D to
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maintain the gradient stable and preserve the information.
We improved I-LIF through normalizing integer-value

with virtual timesteps to enhance the numerical and gradient
stability, as depicted in Fig. 1(C), whose dynamics are:

U [t] = H[t− 1] +X[t], (16)
S[t] = Clip(round(U [t]), 0, D)/D, (17)
H[t] = β(U [t]− S[t]×D). (18)

where X[t] is the spatial input current at timestep t, U [t]
denotes the membrane potential that integrates the temporal
information H[t − 1] and spatial X[t]. round(·) is a round
operation, Clip(x,min,max) implies clipping the input x
to [min,max], and D is a hyper-parameter to emit the max-
imum integer value.

Inference As shown in Fig. 1(C), I-LIF (Luo et al. 2024)
converts the integer spikes into binary spikes during inference
stages, and the input to the spiking neuron at l + 1 layer can
be described as:

X l+1[t] = W lSl[t] (19)

We also extend the T time step to T × D, and convert the
normalized value Sl[t] to a spike sequence {Sl[t, d]}Dd=1,
which can be written as:

D∑
d=1

Sl[t, d] = Sl[t]×D (20)

Therefore, the input of the neuron at l + 1 layer can be
calculated by:

X l[t] =
D∑

d=1

(W l(Sl[t, d]×D)), (21)

X l[t] =

D∑
d=1

(W l
D(Sl[t, d])).

where the W l
D = W l ×D. The spike sequence Sl[t, d] only

contains 0/1 after being multiplied by the quantization step,
and the MAC (Multiply-Accumulation operations) can be
converted to sparse AC (Accumulation operations), which
enables sparse addition during inference.

Experiment
Dataset We conduct semantic segmentation on ADE20k
(Zhou et al. 2017), CityScapes (Cordts et al. 2016), and
Pascal VOC2012 (Everingham et al. 2010) datasets. The
details of the training strategy are shown in Tab. 2.

Training Settings We present all our main semantic
segmentation results in mean Intersection over Union
(mIoU) under single scale inference setting. We use Meta-
Spikeformer (Params:15M) (Yao et al. 2024a) as our back-
bone, which is pre-trained on ImageNet-1k for 200 epochs.
More training details can be found in the Appendix.

Setting ADE20k CityScapes Pasval
VOC2012

Input Size 512×512 512×1024 512×512
Learning Rate 2e-4 2e-3 2e-3
Optimizer AdamW AdamW AdamW
Training Steps 160k 90k 80k

Table 2: Hyper-parameters setting in Spike2Former.

Experiment Results
In Tab. 1, we comprehensively compare Spike2Former with
other ANN and SNN methods in mIoU, parameters, and
power. The proposed Spike2Former significantly improves
the performance upper bound of SNNs on three public
datasets. We obtain 46.3% mIoU, 75.2% mIoU, and 75.4%
mIoU in ADE20k, CityScapes, and Pascal VOC2012 which
is +14.3%, +9.1%, and +14.3% higher than the previous
state-of-the-art SNN method (Yao et al. 2024a; Zhang, Fan,
and Zhang 2023), respectively. Spike2Former also demon-
strates significant advantages over the existing SNNs in terms
of energy consumption: Spike2Former vs. SpikeFPN (Yao
et al. 2024a): mIoU 44.6% vs. 33.6%; Power: 68mJ vs.
88.1mJ in ADE20k dataset and Spike2Former vs. SpikeFPN:
mIoU 75.4% vs. 61.1%; Power 63.0mJ vs. 179.4mJ in Pascal
VOC2012 dataset. Moreover, the performance gap between
SNNs and ANNs is significantly narrowed. Spike2Former
got +1.2% mIoU compared with MaskFormer(R50) and
is competitive with the current classical ANN architecture
Mask2Former(R50) in ADE20k dataset, which is 46.3% vs.
44.5% vs. 47.2% mIoU in mIoU while the energy consump-
tion is much lower for 3.58× and 4.80× energy efficiency.

Ablation Study
We conduct ablation studies on the various componects of
Spike2Former to evaluate the contribution of each parts.

Spike-Driven Deformable Transformer Encoder Tab. 3
highlights the performance of our spike-driven Deformable
Transformer Encoder (SDTE). As shown in Fig. 2, directly
spiking query features reduces mIoU by 3.2%, likely due to
excess retention of attention weights, diminishing effective
information of query. Our SDTE improves mIoU by 2.5%
over SpikeFPN (Yao et al. 2024a) without Transformer en-
coder and by 1.1% over a vanilla Transformer. While using
multi-scale features as queries, as in Mask2Former, yields
46.7% mIoU, it doubles energy consumption (68.0mJ vs.
136.5mJ), prompting us to prioritize single-scale queries for
energy efficiency.

Information Deficiency in Query Preserving query in-
formation is crucial for effectively applying SNNs to
Mask2Former. As demonstrated in Tab. 3, removing the ME-
Shortcut connection leads to a significant performance drop
(approximately −4.5% mIoU). Fig. 3 visualizes the average
binary mask prediction for each query over the validation set
of ADE20k, revealing that incorporating shortcut connec-
tions (ME-Shortcut) results in more sophisticated and dis-
tinct patterns within the mask embedding, indicating higher-
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Ablation Method Power (mJ) mIoU (%)
Spike2Former(Baseline) 68.0 46.3

ANN Conversion Mask2Former(Spiking Version) - 5.2

Spike-Driven
Mask Embedding

Vanilla Spike Mask Embedding 67.9 41.8(-4.5)
w/o. Conv in ME-Shortcut 67.9 45.7(-0.6)

ME-Shortcut → Membrane Shortcut 67.8 45.0(-1.3)

Spike-driven Deformable
Transformer Encoder

w/o. SD Deformable Transformer Encoder 65.2 43.8(-2.5)
w/o. ESC in SD Deformable attention 64.5 45.6(-0.7)

w/o. DWConv in SD Deformable attention 67.8 45.7(-0.6)
Spiking in Query 67.8 43.1(-3.2)

Multi-Scale feature as query 136.5 46.7(+0.4)
Vanilla Transformer Encoder 66.9 44.9(-1.4)

Normalize Method
in NI-LIF

I-LIF 68.1 37.9(-8.4)
Norm Only in Cross-Attn 68.1 43.2(-3.1)

Norm with Const 8 67.4 44.7(-1.3)
Norm with Sigmoid&L2 - ∗

Table 3: We conduct ablation on the proposed Spike-Driven Mask Embedding (SDME), Spike-driven Deformable Transformer
Encoder (SDTE) and Normalized Integer-LIF (NI-LIF) in ADE20k dataset. We set T × D = 1 × 4 and modify just one
modification of the baseline to test how the power and performance vary. * Does not converge. The ablation on ANN indicates
the direct conversion of Mask2Former with SNNs.

Figure 3: Segment Patterns Represents by Queries. We Av-
erage its corresponding segment predictions over the whole
validation set of ADE20k. All the predictions are resized to
the resolution of 200× 200 for illustration purposes.

quality binary mask predictions. Moreover, ME-Shortcut in-
creases the firing rate of the final spiking neuron threefold
(from 0.08626 to 0.26617). This suggests that the perfor-
mance drop without ME-Shortcut is attributable to spike
degradation, which our proposed shortcut effectively miti-
gates. Despite its conceptual simplicity, ME-Shortcut is a
key design for the successful application of SNNs to com-
plex architecture.

NI-LIF Spiking Neuron Tab. 3 shows that directly ap-
plying I-LIF (Luo et al. 2024) to Spike2Former results in
sub-optimal performance (37.9% mIoU compared to 46.3%),
primarily due to information deficiency in the cross-attention
layer of transformer decoder. Normalizing activations within
the cross-attention layer alone yields a substantial +5.3%
mIoU improvement compared with I-LIF, highlighting the
need for numerical stability and precise representation of

Transformer-based model. Furthermore, when applying the
NI-LIF to the whole network, the performance increases
8.4%. This improvement demonstrates the adaptability of
NI-LIF in complex architecture and the effectiveness of NI-
LIF in reducing the quantization error and enhancing the
precise representation of features.

Further analysis in Tab. 1 (Pascal VOC2012) reveals the
impact of varying timesteps (T) and quantization steps (D).
Increasing timesteps from T=1 to T=2 (with D=2) raises
energy consumption from 50.6 mJ to 98.3 mJ with only
0.3%mIoU. Additionally, increasing quantization steps from
D=2 to D=4 improves performance from 61.8% to 75.1%
mIoU, with a moderate power increase from 50.6 mJ to 63.0
mJ. This suggests that increasing quantization steps can en-
hance the performance while maintaining reasonable energy
consumption.

Conclusion
This work reduces the performance gap between Spiking
Neural Networks (SNNs) and Artificial Neural Networks
(ANNs) in image segmentation. The proposed Spike2Former
introduces architectural innovations and spiking neuron op-
timizations, including two key modifications to address in-
formation deficiency. The Normalized Integer LIF (NI-LIF)
mitigates information loss and enhances training stabil-
ity by converting normalized integers into binary spikes.
Spike2Former achieves state-of-the-art performance on three
benchmark datasets, highlighting the potential of SNNs for
complex segmentation tasks. Our analysis of spike degra-
dation and information deficiency emphasizes the need to
reduce information loss in SNNs for advanced architectures.
This work lays a foundation for extending SNNs to dense
prediction tasks with sophisticated designs.
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