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Abstract

Spiking neural networks (SNNs) offer a promising energy-
efficient alternative to artificial neural networks, due to their
event-driven spiking computation. However, some foundation
SNN backbones (including Spikformer and SEW ResNet)
suffer from non-spike computations (integer-float multiplica-
tions) caused by the structure of their residual connections.
These non-spike computations increase SNNs’ power con-
sumption and make them unsuitable for deployment on main-
stream neuromorphic hardware. In this paper, we analyze the
spike-driven behavior of the residual connection methods in
SNNs. We then present Spikingformer, a novel spiking trans-
former backbone that merges the MS Residual connection
with Self-Attention in a biologically plausible way to address
the non-spike computation challenge in Spikformer while
maintaining global modeling capabilities. We evaluate Spik-
ingformer across 13 datasets spanning large static images,
neuromorphic data, and natural language tasks, and demon-
strate the effectiveness and universality of Spikingformer, set-
ting a vital benchmark for spiking neural networks. In addi-
tion, with the spike-driven features and global modeling capa-
bilities, Spikingformer is expected to become a more efficient
general-purpose SNN backbone towards energy-efficient ar-
tificial intelligence.

Code — https://github.com/TheBrainLab/Spikingformer

Introduction
Being regarded as the third generation of neural networks
(Maass 1997), the brain-inspired Spiking Neural Networks
(SNNs) are potential competitors to Artificial Neural Net-
works (ANNs) due to their high biological plausibility,
event-driven property, and low power consumption on neu-
romorphic hardware (Roy, Jaiswal, and Panda 2019). In par-
ticular, the utilization of binary spike signals allows SNNs
to adopt low-power accumulation (AC) instead of the tra-
ditional high-power multiply-accumulation (MAC), leading
to significant energy efficiency gains and making SNNs in-
creasingly popular (Chen et al. 2023).

As SNNs go deeper, their performance has improved sig-
nificantly (Hu, Tang, and Pan 2021a; Fang et al. 2022;
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Zheng et al. 2021; Hu et al. 2021). ResNet with a skip-
ping connection has been extensively studied to extend the
depth of SNNs (Fang et al. 2022; Zhou et al. 2023b). SEW
ResNet (Fang et al. 2022), a representative Convolutional
Neural Network (CNN) based SNN, easily implements iden-
tity mapping by Spike-Element-Wise (SEW) Residual con-
nection and overcomes the problems of vanishing/explod-
ing gradients of Spiking ResNet (Hu, Tang, and Pan 2021b).
SEW ResNet is the first deep SNN directly trained with
more than 100 layers. MS-ResNet (Hu et al. 2021) proposed
the Membrane-based Shortcut (MS) Residual connection
for spiking neural networks, effectively addressing gradi-
ent explosion and vanishing problems without performance
degradation in CNN-based SNNs. Spikformer (Zhou et al.
2023b), a directly trained representative transformer-based
SNN with SEW Residual connection, is proposed by lever-
aging both self-attention capability and biological properties
of SNNs. It is the first successful exploration of applying
flourishing transformer architecture into SNN design, and
shows powerful performance. However, Spikformer faces
the challenge of non-spike computations (integer-float mul-
tiplications) caused by the SEW Residual connection. This
not only limits their ability to fully leverage the benefits of
event-driven processing in energy efficiency, but also makes
it difficult to deploy and optimize their performance on neu-
romorphic hardware (Chen et al. 2023).

We carry out an in-depth comparison between the SEW
Residual connection and the MS Residual connection. Then,
we creatively combine MS Residual and Self-Attention in
a spike-driven way to address the challenge of non-spike
computation in Spikformer while achieving superior per-
formance. We name this model Spikingformer, in contrast
to Spike-Driven Transformer (SD-Transformer) (Yao et al.
2023), which combines MS Residual with linear attention
yet lacks global modeling capability, limiting its potential
as a general-purpose SNN backbone. The main foundation
SNN backbones are shown in Tab. 1. Spikingformer is the
backbone that contains both spike-driven features and global
modeling capabilities. Our contributions are as follows:

1) We conduct a systematic comparison between MS
Residual connection and SEW Residual connection, analyz-
ing their spike-driven behavior, firing rate, and performance.

2) We develop a novel spiking transformer model, named
Spikingformer, which innovatively integrates MS Resid-
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Settings SEW-ResNet MS-ResNet Spikformer SD-Transformer Spikingformer†

Test Resolution 224×224 224×224 / 288×288 224×224 288×288 224×224
Model Size 77.28M 78.37M 66.34M 66.34M 66.34M
Model Type CNN CNN Transformer Transformer Transformer
Attention No No SSA SDSA PSSA
Global Attention ✗ ✗ ✓ ✗ ✓
Residual Connection SEW Residual MS Residual SEW Residual MS Residual MS Residual
Spike-Driven ✗ ✓ ✗ ✓ ✓

ImageNet-1K Acc (%) 69.26 74.21 / 76.02 74.81 77.07 77.64

Table 1: Comparison with other foundation backbones in the SNN domain, including SEW-ResNet (Fang et al. 2022), MS-
ResNet (Hu et al. 2021), Spikformer (Zhou et al. 2023b), SD-Transformer (Yao et al. 2023).

ual and Self-Attention in a spike-driven way. Furthermore,
leveraging both spike-driven computation and global atten-
tion modeling capabilities, Spikingformer is expected to
serve as a foundation model for general-purpose energy-
efficient artificial intelligence.

3) We validate Spikingformer on 13 datasets across static
image classification, neuromorphic classification, and natu-
ral language understanding, establishing a vital experimental
benchmark for the SNN community.

Related Work
The non-differentiability of spiking neurons in SNNs makes
it difficult to train SNNs directly, but a common solution is to
employ the surrogate gradient for backpropagation (Neftci,
Mostafa, and Zenke 2019). Existing direct training SNNs
can be roughly divided into two categories: convolution-
based SNNs and transformer-based SNNs.

Convolution-based Spiking Neural Network
In the field of direct training, SNNs are unfolded over simu-
lation time steps and trained with backpropagation through
time (Lee, Delbruck, and Pfeiffer 2016; Shrestha and Or-
chard 2018). Due to the non-differentiability of spiking
neurons, surrogate gradient method is employed for back-
propagation (Lee et al. 2020; Neftci, Mostafa, and Zenke
2019). SEW ResNet(Fang et al. 2022) is a representative
convolution-based SNN model by direct training, and is
the first to increase the number of layers in SNNs to be
larger than 100. However, the ADD gate in residual con-
nections of SEW ResNet produces non-spike computations
of integer-float multiplications in deep convolution layers.
(Chen et al. 2023) has identified the problem of non-spike
computations in SEW ResNet and Spikformer, and attempts
to solve it through adding an auxiliary accumulation path-
way during training and removing it during inference. This
strategy needs tedious extra operations and results in a sig-
nificant performance degradation compared with the origi-
nal models.

Transformer-based Spiking Neural Network
Most existing SNNs borrow architectures from convolu-
tional neural networks (CNNs), so their performance is lim-

ited by the performance of CNNs. The transformer archi-
tecture, originally designed for natural language processing
(Vaswani et al. 2017), has achieved great success in many
computer vision tasks, including image classification (Doso-
vitskiy et al. 2020; Yuan et al. 2021a), object detection (Car-
ion et al. 2020; Zhu et al. 2020), and semantic segmentation
(Wang et al. 2021; Yuan et al. 2021b). The structure of the
transformer leads to a novel kind of SNN, with great poten-
tial to break through the bottleneck of SNNs’ performance.
So far, two main related works: Spikformer (Zhou et al.
2023b) and Spikeformer (Li, Lei, and Yang 2022), have pro-
posed spiking neural networks based on transformer archi-
tecture. Although Spikeformer replaces the activation func-
tion used in the feedforward layers with a spiking activation
function, there are still a lot of non-spike operations remain-
ing, including floating point multiplication, division, and ex-
ponential operation. Spikformer proposes a novel Spiking
Self Attention (SSA) module by using spike-form Query,
Key, and Value without softmax, and achieves state-of-the-
art performances on many datasets. However, the structure
of Spikformer with residual connection still contains non-
spike computation. In our study, we innovatively integrates
MS Residual and Self-Attention in a spike-driven way to ad-
dress this problem.

Methods
Spiking Neuron Model
Spiking neuron is the fundamental unit of SNNs, we choose
Leaky Integrate-and-Fire (LIF) model as the spike neuron in
our work. The dynamics can be formulated as follows:

H[t] = V [t− 1] +
1

τ
(X[t]− (V [t− 1]− Vreset )) , (1)

S[t] = Θ (H[t]− Vth) , (2)
V [t] = H[t](1− S[t]) + Vreset S[t], (3)

where τ is the membrane time constant, and X[t] is the in-
put current at time step t. When the membrane potential H[t]
exceeds the firing threshold Vth, the spiking neuron will trig-
ger a spike S[t]. Θ(v) is the Heaviside step function, which
equals to 1 when v ≥ 0 and 0 otherwise. V [t] represents the
membrane potential after the triggered event, which equals
to H[t] if no spike is generated and otherwise equals to the
reset potential Vreset.
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Spike-Driven Behavior in SNN Residual Learning
There are mainly three types of residual connections in
SNNs: Vanilla Residual (Zheng et al. 2021), SEW Resid-
ual (Fang et al. 2022), MS residual (Hu et al. 2021). How-
ever, Vanilla Residual connection suffers from performance
degradation and gradient vanishing/exploding. Therefore,
we mainly discuss the latter two residual connections.

The SEW Residual adopted in Spikformer. At present,
Spikformer (Zhou et al. 2023b) is the representative work
combining deep SNNs with transformer architecture. The
residual learning plays an extremely important role in Spik-
former, but the SEW Residual connections in Spikformer
and SEW ResNet lead to non-spike computation (integer-
float multiplications), which are not event-driven computa-
tions. As shown in Fig.1(a), the residual learning of Spik-
former and SEW ResNet could be formulated as follows:{

Ol = SNl(ConvBNl(Ol−1)) + Ol−1,

Ol+1 = SNl+1(ConvBNl+1(Ol)) + Ol,
(4)

we denotes SNl(ConvBNl(Ol−1)) as Sl. This residual de-
sign inevitably brings in non-spike data and thus MAC op-
erations in the next layer/block. In particular, Sl and Ol−1

are spike signals, and their output Ol are non-spike signal
whose range is {0, 1, 2}. Non-spike data destructs event-
driven computation in the next convolution layer when com-
puting Sl+1 of Ol+1. As the depth of the network increases,
the range of non-spike data values transmitted to the deeper
layer of the network will also expand. In our implementa-
tions of Spikformer, the range of the non-spike data could in-
crease to {0, 1, 2, ..., 16} when testing Spikormer-8-512 on
ImageNet 2012. Obviously, the range of non-spike data is
approximately proportional to the number of residual blocks
in Spikformer and SEW ResNet. In fact, integer-float mul-
tiplications are usually implemented in the same way as
floating-point multiplication in hardware. In this case, the
network will incur high energy consumption, approaching
to the energy consumption of ANNs with the same struc-
ture, which is unacceptable for SNNs.

The MS Residual adopted in Spikingformer. Fig.1(b)
shows the MS Residual connection adopted in Spiking-
former. It could effectively avoid floating-point multiplica-
tions and integer-float multiplications, following the spike-
driven principle. The spike-driven residual learning could be
easily formulated as follows:{

Ol = ConvBNl(SNl(Ol−1)) + Ol−1,

Ol+1 = ConvBNl+1(SNl+1(Ol)) + Ol,
(5)

In this structure, we denote ConvBNl(SNl(Ol−1)) as Sl.
Sl + Ol−1 belongs to the floating point addition operation,
which is the same as the addition operation in SN layer. The
floating point addition operation is the most essential opera-
tion of SNN. Obviously, the output Ol is also floating point
and will pass through an SN layer before participating in the
next ConvBN computation. Therefore, the pure spike-form
feature will be generated after the processing of SN layer,
and the computation of ConvBN layer will become the
floating point addition operation, following the spike-driven
principle and reducing energy consumption vastly. In addi-
tion, we show the impact of SEW Residual and MS Residual
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Figure 1: The residual learning in Spikformer and Spiking-
former. (a) shows the SEW Residual learning of Spikformer,
which contains non-spike computation (integer-float multi-
plications) in ConvBN layer. (b) shows the MS Residual
connection, which is adopted in Spikingformer. MS Resid-
ual could effectively avoid integer-float multiplications, fol-
lowing the spike-driven principle.

on the firing behavior and performance of transformer-based
SNNs, respectively, in the experimental section.

Spikingformer

Spikingformer family contains two foundation models:
Spikingformer and Spikingformer†. Spikingformer is a
novel and pure transformer-based spiking neural net-
work through integrating spike-driven MS Residual blocks.
Spikingformer† is a variant of Spikingformer. The pipeline
of Spikingformer is shown in Fig.2. In this section, the de-
tails of Spikingformer are discussed.

Overall Architecture. Our proposed Spikingformer con-
tains a Spiking Tokenizer (ST), several Spiking Transformer
Blocks, and a Classification Head. Given a 2D image se-
quence I ∈ RT×C×H×W (Note that C=3 in static datasets
like ImageNet 2012, C=2 in neuromorphic datasets like
DVS-Gesture), we use the Spiking Tokenizer block for
downsampling and patch embedding, where the inputs can
be projected as spike-form patches X ∈ RT×N×D. Obvi-
ously, the first layer of Spiking Tokenizer also play a spike
encoder role when taking static images as input. After Spik-
ing Tokenizer, the spiking patches X0 will pass to the L
Spiking Transformer Blocks. Similar to the standard ViT en-
coder block, a Spiking Transformer Block contains a Spik-
ing Self Attention (SSA) (Zhou et al. 2023b) and a Spik-
ing MLP block. In the last, a fully-connected-layer (FC) is
used for the Classification Head. Note that we use a global
average-pooling (GAP) before the fully-connected layer to
reduce the parameters of FC and improve the classification
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Figure 2: The overview of Spikingformer, which consists of a Spiking Tokenizer, several Spiking Transformer Blocks, and a
Classification Head. Note that Mutistep LIF is the Leaky Integrate-and-Fire (LIF) neuron model (Fang et al. 2022; Zhou et al.
2023b) with time steps T > 1. Same with Spikformer, T is an independent dimension for the spike neuron layer. In other layers,
it is merged with the batch size. We use ConvBN to represent a convolution layer and its subsequent BN layer in this work.

capability of Spikingformer.

X = ST(I), I ∈ RT×C×H×W ,X ∈ RT×N×D (6)

X′
l = SSA (Xl−1) + Xl−1,X′

l ∈ RT×N×D, (7)

Xl = SMLP
(
X′

l

)
+ X′

l,Xl ∈ RT×N×D, (8)

Y = FC (GAP (XL)) . (9)

Spiking Tokenizer. As shown in Fig.2, Spiking Tok-
enizer mainly contains two functions: 1) convolutional spik-
ing patch embedding, and 2) downsampling to project the
feature map into a smaller fixed size. The spiking patch
embedding is similar to the convolutional stream in Vision
Transformer (Xiao et al. 2021; Hassani et al. 2021), where
the dimension of spike-form feature channels gradually in-
creases in each convolution layer and finally matches the
embedding dimension of patches. In addition, the first layer
of Spiking Tokenizer is utilized as a spike encoder when us-
ing static images as input. As shown in Eq. 10 and Eq. 11,
the convolution part of ConvBN represents the 2D convo-
lution layer (stride-1, 3 × 3 kernel size). MP and SN rep-
resent maxpooling (stride-2) and mutistep spiking neuron,
respectively. Eq. 10 is used for Spiking Patch Embedding
without Downsampling (SPE), Eq. 11 is Spiking Patch Em-
bedding with Downsampling (SPED). We could use multi-
ple SPEs or SPEDs for specific classification tasks with dif-
ferent downsampling requirements. For example, we use 4
SPEDs for ImageNet 2012 dataset classification with input
size as 224*224 (using 16 times downsampling). we use 2
SPEs and 2 SPEDs for CIFAR dataset classification with in-
put size as 32*32 (using 4 times downsampling). After the

processing of the Spiking Tokenizer block, the input I is split
into an image patch sequence X ∈ RT×N×D.

Ii = ConvBN(SN(I)), (10)
Ii = ConvBN(MP(SN(I))). (11)

Spiking Transformer Block. A Spiking Transformer
Block contains a Pre-activation Spiking Self-Attention
(PSSA) block and a Spiking MLP block. PSSA retains
Spiking Self-Attention (SSA)’s global modeling capabili-
ties while making some modifications to be spike-driven and
more generalized. Thus, PSSA can be seen as an important
variant of SSA. The modifications include: 1) We change
the spiking neuron layer position according to our proposed
spike-driven residual mechanism, avoiding the multiplica-
tion of integers and floating-point weights. 2) To enhance
generalization across diverse tasks, we choose ConvBN in
place of LinearBN (linear layer and batch normalization) in
Spikformer. The PSSA can be formulated as follows:

X′ = SN(X), (12)
Q = SNQ(ConvBNQ(X′)),

K = SNK(ConvBNK(X′)),

V = SNV (ConvBNV (X′)),

(13)

Attention(Q,K,V) = ConvBN(SN(QKTV ∗ s)), (14)

where Q,K,V ∈ RT×N×D are pure spike data (only con-
taining 0 and 1). s is the scaling factor as in (Zhou et al.
2023b), controlling the large value of the matrix multiplica-
tion result. The Spiking MLP block consists of two SPEs,
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Methods Architecture Param (M) Train Size Test Size Time
Step

Energy
(mJ)

Top-1 Acc
(%)

SEW ResNet SEW ResNet-34 21.79 2242 2242 4 4.04 67.04
SEW ResNet SEW ResNet-50 25.56 2242 2242 4 4.89 67.78
SEW ResNet SEW ResNet-101 44.55 2242 2242 4 8.91 68.76
SEW ResNet SEW ResNet-152 60.19 2242 2242 4 12.89 69.26
MS-ResNet ResNet-104 78.37 2242 2242 5 - 74.21
MS-ResNet ResNet-104 78.37 2242 2882 5 - 76.02
Spikformer Spikformer-8-384 16.81 2242 2242 4 12.43 70.24
Spikformer Spikformer-8-512 29.68 2242 2242 4 18.82 73.38
Spikformer Spikformer-8-768 66.34 2242 2242 4 32.07 74.81
SD-Transformer S-Transformer-8-384 16.81 2242 2242 4 3.90 72.28
SD-Transformer S-Transformer-8-512 29.68 2242 2242 4 4.50 74.57
SD-Transformer S-Transformer-8-768 66.34 2242 2882 4 6.09 77.07
ANN Transformer-8-512 29.68 2242 2242 1 38.34 80.80

Spikingformer
Spikingformer-8-384 16.81 2242 2242 4 4.69 72.45
Spikingformer-8-512 29.68 2242 2242 4 7.46 74.79
Spikingformer-8-768 66.34 2242 2242 4 13.68 75.85

Spikingformer†
Spikingformer-8-384 16.81 2242 2242 4 5.61 74.35
Spikingformer-8-512 29.68 2242 2242 4 8.68 76.54
Spikingformer-8-768 66.34 2242 2242 4 16.30 77.64

Table 2: Results on ImageNet-1k classification. Power is calculated as the average theoretical energy consumption of an image
inference on ImageNet, whose detail is shown in Eq.20. Same as Spikformer, our Spikingformer-L-D represents a Spiking-
former model with L spiking transformer blocks and D feature embedding dimensions.

which are formulated in Eq.10. Spiking Transformer Block
is shown in Fig.2, and it is the main component of Spiking-
former.

Classification Head. We use a fully-connected-layer
as the classifier behind the last Spiking Transformer
Block. In detail, the classifier could be realized in
four forms: AvgPooling -FC, SN -AvgPooling -FC,
FC -AvgPooling, SN -FC -AvgPooling :

Y = FC(AvgPooling(XL)), (15)
Y = FC(AvgPooling(SN(XL))), (16)
Y = AvgPooling(FC(XL)), (17)
Y = AvgPooling(FC(SN(XL))). (18)

AvgPooling after FC (like SN -FC -AvgPooling,
FC -AvgPooling) could be considered as computing the
average of neuron firing, a post-processing of network,
but in this way FC usually requires numerous param-
eters. AvgPooling before FC (like AvgPooling -FC,
SN -AvgPooling -FC) could effectively reduce pa-
rameters compared with the previous ways. Only
SN -FC -AvgPooling could avoid floating-point mul-
tiplication operation, but it needs more FC parameters than
AvgPooling -FC or SN -AvgPooling -FC. In addition,
it also hinders the classification ability of the network. In
this work, we mainly adopt the way of AvgPooling ahead
of FC, and choose AvgPooling -FC as the classifier of
Spikingformer by default. Some experimental analysis on
the classification head will be discussed in Appendix.

Spikingformer†. As a key variant, Spikingformer† is the

Spikingformer with ConvBN-MaxPool-LIF (CML) down-
sampling (Zhou et al. 2023a). CML can overcome the impre-
cision problem of gradient backpropagation in Spikformer
or Spikingformer, which improves network performance
while reducing computational cost at the same time.

Theoretical Energy Consumption Calculation
The homogeneity of convolution allows the following BN
and linear scaling transformation to be fused into the convo-
lutional layer with an added bias when deployment (Ding
et al. 2019, 2021; Hu, Tang, and Pan 2021b; Chen et al.
2023). Therefore, when calculating the theoretical energy
consumption, the consumption of BN layers could be ig-
nored. We calculate the number of synaptic operations of
spikes before calculating the theoretical energy consump-
tion.

SOP l = fr × T × FLOPsl, (19)

where l is a block/layer in Spikingformer, fr is the firing
rate of the block/layer, and T is the simulation time step of
the spike neuron. FLOPsl refers to floating point opera-
tions of block/layer l, which is the number of multiply-and-
accumulate (MAC) operations. And SOP l is the number of
spike-based accumulate (AC) operations. We estimate the
theoretical energy consumption of Spikingformer accord-
ing to (Kundu, Pedram, and Beerel 2021; Hu et al. 2021;
Horowitz 2014; Kundu et al. 2021; Panda, Aketi, and Roy
2020). We assume that the MAC and AC operations are im-
plemented on the 45nm hardware (Horowitz 2014), where
EMAC = 4.6pJ and EAC = 0.9pJ . The theoretical energy
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Method
CIFAR10 CIFAR100 DVS128 CIFAR10-DVS

Param T Acc Param T Acc Param T Acc Param T Acc

MS-ResNet − − 91.72 − − 66.83 − − 75.6 − − −
Spikformer 5.76 4 94.80 5.76 4 76.95 2.57 10 95.8 2.57 10 78.6
Spikformer 9.32 4 95.51 9.32 4 78.21 2.57 16 97.9 2.57 16 80.9
SD-Transformer 10.28 4 95.60 10.28 4 78.4 2.57 16 99.3 2.57 16 80.0
QKFormer 6.74 4 96.18 6.74 4 81.15 1.50 16 98.6 1.50 16 84.0

Transformer (ANN) 9.32 1 96.73 9.32 1 81.02 − − − − − −

Spikingformer 5.76 4 95.22 5.76 4 78.34 2.57 10 96.2 2.57 10 79.9
9.32 4 95.81 9.32 4 79.21 2.57 16 98.3 2.57 16 81.3

Spikingformer† 5.76 4 95.54 5.76 4 78.87 2.57 10 97.2 2.57 10 80.5
9.32 4 95.95 9.32 4 80.37 2.57 16 98.6 2.57 16 81.4

Table 3: Comparision on CIFAR10, CIFAR100, DVS128 and CIFAR10-DVS. ”Param” denotes ”Parameter (M)”, ”Acc” de-
notes ”Top-1 Accuracy (%)”, and ”T ” denotes ”Time Step”.

consumption of Spikingformer can be calculated as follows:

ESnn = EAC ×

 N∑
i=2

SOP i
Conv +

M∑
j=1

SOP j
SSA

+

EMAC ×
(
FLOP 1

Conv

)
, (20)

Eq.20 shows the energy consumption of Spikingformer.
FLOP 1

Conv is the first layer encoding the non-spike input
into spike-form. Then the SOPs of N SNN Conv layers and
M SSA layers are added together and multiplied by EAC .

Experiments
In this section, we carry out experiments on the static dataset
ImageNet (Deng et al. 2009), CIFAR (Krizhevsky 2009)
(including CIFAR10 and CIFAR100), the neuromorphic
datasets (including CIFAR10-DVS and DVS128-Gesture
(Amir et al. 2017)), and the natural language understanding
tasks (GLUE) to evaluate Spikingformer.

ImageNet-1k Classification
We compared Spikingformer with Spiking ResNet (Hu,
Tang, and Pan 2021a), SEW ResNet (Fang et al. 2022), MS-
ResNet(Hu et al. 2021), Spikformer (Zhou et al. 2023b),
SD-Transformer (Yao et al. 2023) on ImageNet-1k, which
is shown in Tab. 2. Note that we recalculate the energy
consumption of Spikformer in Appendix because the non-
spike computation of Spikformer can not be directly calcu-
lated by Eq.20. Spikingformer-8-512 achieves 74.79% top-1
classification accuracy on ImageNet using 4 time steps, sig-
nificantly outperforms Spikformer-8-512 by 1.41%, outper-
forms MS-ResNet model by 0.58% and outperforms SEW
ResNet-152 model by 5.53%. Spikingformer-8-512 is with
7.463 mJ theoretical energy consumption, which reduces
energy consumption by 60.36%, compared with 18.819
mJ of Spikformer-8-512. Spikingformer-8-768 achieves
75.85% top-1 classification accuracy on ImageNet us-
ing 4 time steps, significantly outperforms Spikformer-
8-768 by 1.04%, outperforms the MS-ResNet model by

1.64% and outperforms SEW ResNet-152 model by 6.59%.
Spikingformer-8-768 is with 13.678 mJ theoretical en-
ergy consumption, which reduces energy consumption by
57.34%, compared with 32.074 mJ of Spikformer-8-768.
Spikingformer†-8-512 achieves 76.54% accuracy, which
outperforms Spikformer-8-512 by 3.16% and outperforms
SD-Transformer-8-512 by 1.97%. Spikingformer†-8-768
achieves 77.64% Top-1 classification accuracy, which out-
performs Spikformer-8-768 by 2.83%. Compared with other
foundation SNN backbones (SEW-ResNet, MS-ResNet,
Spikformer, SD-Transformer), Spikingformer achieves the
best performance in ImageNet-1k due to its spike-driven fea-
tures and global modeling capabilities.

CIFAR and Neuromorphic Tasks
The results are shown in Tab. 3. We compared Spiking-
former with MS-ResNet (Hu et al. 2021), Spikformer (Zhou
et al. 2023b), SD-Transformer (Yao et al. 2023), QKFormer
(Zhou et al. 2024).

CIFAR Classification. From the results, We find that
the performance of Spikingformer models surpass all the
models of Spikformer with the same number of parame-
ters. In CIFAR10, our Spikingformer achieves 95.81% clas-
sification accuracy, significantly outperforms Spikformer
by 0.30% and outperforms MS-ResNet-482 by 3.91%.
Spikingformer† achieves 95.95% accuracy and outperforms
SD-Transformer by 0.35%. In CIFAR100, Spikingformer
achieves 79.21% classification accuracy, significantly out-
performs Spikformer by 1.00% and outperforms MS-
ResNet by 12.38%. Spikingformer† achieves 80.37% ac-
curacy and outperforms SD-Transformer by 1.97%. Trans-
former (ANN) is only 0.69% and 1.00% higher than
Spikingformer† on CIFAR10 and CIFAR100.

Neuromorphic Classification. We compare our method
with SOTA methods on DVS-Gesture. In detail, we adopt
four SPEDs in Spiking Tokenizer due to the 128*128 im-
age size of CIFAR10-DVS and adopt 2 spiking transformer
blocks with 256 patch embedding dimension. The number
of time steps of the spiking neuron is 10 or 16. The number
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Model Energy (mJ) Time MNLI-m/mm QQP QNLI SST-2 CoLA STS-B MRPCF1 RTE Avg. Acc (%)

BERTbase 51.41 – 84.6/83.4 71.2 90.5 93.5 52.1 85.8 88.9 66.4 79.6
Q2BERT – – 47.2/47.3 67.0 61.3 80.6 0.0 4.7 81.2 52.7 49.1
ELMo – – 68.6/– 86.2 71.1 91.5 44.1 70.4 76.6 53.4 70.2
SpikeBERT 14.30 4 71.4/71.0 68.2 66.4 85.4 16.9 18.7 82.0 57.5 59.7

Spikingformer 6.76 4 71.9/72.5 84.7 76.0 87.2 24.4 54.5 79.7 55.6 66.8

Table 4: The results on the Natural Language Understanding task (GLUE datasets). ”Avg. Acc” denotes ”Average Accuracy”.

of training epochs is 106, which is the same as Spikformer.
The learning rate is initialized to 0.1 and decayed with a co-
sine schedule. The results of CIFAR10-DVS are shown in
Tab.3. Spikingformer achieves 81.3% top-1 accuracy with
16 time steps and 79.9% accuracy with 10 time steps, sig-
nificantly outperforms Spikformer by 0.4% and 1.3% re-
spectively. Spikingformer† achieves 81.4% accuracy with 16
time steps and outperforms SD-Transformer by 1.4%. We
compare our method with SOTA methods on CIFAR10-DVS
in Tab.3. Spikingformer achieves 98.3% accuracy with 16
time steps and 96.2% accuracy with 10 time steps, outper-
forms Spikformer by 0.4% and 0.4% respectively.

Natural Language Understanding
We evaluate Spikingformer on the standard GLUE (General
Language Understanding Evaluation) benchmark (Wang
et al. 2018), which is a widely adopted collection of datasets
designed to evaluate and advance natural language un-
derstanding (NLU) capabilities in machine learning mod-
els. GLUE contains 8 subsets for classification and regres-
sion, including single-sentence classification (CoLA, SST-
2), pairwise sentence comparison (MPRC, QQP, RTE), and
natural language inference (STS-B, MNLI, QNLI, WNLI).
We pretrain Spikingformer on Wikipedia-English (Devlin
et al. 2019) by masked language pretraining (Devlin et al.
2019), then finetune on GLUE dev set. The experimental
results are shown in Tab. 4. We compare Spikingformer
with BERTbase (Devlin et al. 2019), Q2BERT (Zhang et al.
2020), ELMo (Sarzynska-Wawer et al. 2021), SpikeBERT
(Lv et al. 2023). Our Spikingformer achieves 66.8% average
accuracy, which outperforms SpikeBERT by 7.1%.

Discussion
In this part, we conduct a systematic comparison between
MS Residual connection and SEW Residual connection on
Transformer-based SNN (corresponding to Spikingformer
and Spikformer, respectively).

Spike Behavior Visualization. We visualize the spike be-
havior of spikingformer and spikformer in Fig. 3. The re-
sults show Spikingformer could effectively avoid integer-
float multiplications common in Spikformer. In addition, fr
in Fig.3(b) represents the firing rate of Spikingformer. We
observe that Spikingformer have a lower firing rate on Im-
ageNet compared with Spikformer (Fig.3(a)), which further
reduces synaptic operations and thus energy consumption.

Energy Consumption and Performance Impact. The
results can be seen in Tab 2. Compared to Spikformer, Spik-
ingformer achieves higher performance while significantly
reducing energy consumption. The primary reason for this

(a) (b)

Figure 3: The spike-driven behavior of Spikingformer and
Spiformer. (a) Histogram of the input data of block 7 in
Spikformer-8-512. The abscissa means non-spike data range
with {0, 1, 2, ..., 16} before Conv layer in the transformer
block of Spikformer. The nonzero ratio indicates the ratio
of non-zero input units. (b) Histogram of the input data of
block 7 in Spikingformer-8-512. The abscissa means binary
spike data with {0, 1} before Conv layer in the transformer
block of Spikingformer. The ordinate means of the neuron
numbers of {0, 1}.

energy reduction is Spikingformer’s ability to effectively
eliminate integer-float multiplications. Additionally, a lower
firing rate on ImageNet further contributes to the improved
energy efficiency.

Conclusion
In this work, we propose Spikingformer, a spike-driven
transformer-based spiking neural network that innovatively
integrates MS Residual connections with Self-Attention in
a biologically plausible, spike-driven manner. This design
effectively overcomes the non-spike computation limita-
tions of existing spiking transformers, such as Spikformer,
while maintaining global modeling capabilities. Extensive
experiments across 13 diverse datasets, including large-
scale image classification, neuromorphic data classification,
and natural language understanding tasks, demonstrate that
Spikingformer consistently outperforms previous founda-
tion SNN backbones. With its efficient spike-driven compu-
tation and global modeling capacity, Spikingformer estab-
lishes itself as a robust, general-purpose SNN backbone and
a key benchmark for the SNN community.
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