
Article Not peer-reviewed version

SIT-Conversion: Transformer Spiking

Neural Networks with Spiking-Softmax

Function

Xuhang Li , Qianzi Shen , Haitao Wang , Zijian Wang *

Posted Date: 30 October 2024

doi: 10.20944/preprints202410.2403.v1

Keywords: spiking neural networks; ANN-to-SNN conversion; SNNs transformer; spiking softmax 

Preprints.org is a free multidisciplinary platform providing preprint service

that is dedicated to making early versions of research outputs permanently

available and citable. Preprints posted at Preprints.org appear in Web of

Science, Crossref, Google Scholar, Scilit, Europe PMC.

Copyright: This open access article is published under a Creative Commons CC BY 4.0

license, which permit the free download, distribution, and reuse, provided that the author

and preprint are cited in any reuse.

https://sciprofiles.com/profile/3964157
https://sciprofiles.com/profile/2237039


Article

SIT-Conversion: Transformer Spiking Neural
Networks with Spiking-Softmax Function

Xuhang Li 1,† , Qianzi Shen 2,†, Haitao Wang 1 and Zijian Wang 1,*
1 School of Computer Science and Technology, Donghua University, Shanghai 201620, China
2 China Mobile Shanghai Industry Research Institute, China Mobile Communications Corporation, Shanghai 200000, China
* Correspondence: wang.zijian@dhu.edu.cn; Tel.: +86-1830-217-5793
† These authors contributed equally to this work.

Abstract: Studies on integrating Spiking Neural Networks (SNNs) with the Transformer architecture holds

promise for enabling models to achieve ultra-low energy consumption while possessing the performance of the

Transformer architecture. Currently, studies on ANN-to-SNN conversion of integrating Spiking Neural Networks

(SNNs) with the Transformer architecture mainly focuses on simple activation functions in MLPs, and has not

yet addressed the mismatch between the Softmax activation function in the self-attention mechanism and the

computation rules of SNNs. Consequently, the ANN-to-SNN conversion efforts have consistently failed to make

the Transformer architecture directly applicable to SNNs. To address this challenge, we propose the Spiking-

Softmax method, which integrates Spiking Exponential Neuron (SI-exp) and Spiking Collaboration Normalized

Neuron (SI-norm). The Spiking-Softmax method accurately simulates the Softmax activation function with only 12

time steps. Building upon this, we propose the Spike Integrated Transformer conversion (SIT-conversion) method,

which enables the conversion of the Transformer architecture to SNNs. The SNNs generated by the SIT-conversion

of Transformer models of various sizes achieve accuracy nearly identical to their ANNs counterparts, achieving

nearly lossless and ultra-low-latency ANN-to-SNN conversion. This work represents the first implementation of

simulating the Softmax activation function and fully converting the Transformer architecture into SNNs through

spike firing.

Keywords: spiking neural networks; ANN-to-SNN conversion; SNNs transformer; spiking softmax

1. Introduction

Spiking Neural Networks (SNNs) [1] use discrete spike sequences (0 or 1) for computation and
information transmission. They offer promising prospects for brain-like intelligence due to their
low power consumption, event-driven characteristics, and biological plausibility [2] compared to
Artificial Neural Networks (ANNs). However, the development of SNNs lags far behind that of ANNs,
particularly at the level of network architecture [3]. With technological advancements, SNNs can
leverage advanced architectures from ANNs to enhance performance, such as ResNet-style SNNs
[4–6] and Recurrent Neural Networks (RNNs) [7].

However, currently, SNNs cannot effectively harness more complex and powerful ANN frame-
works, such as the Transformer architecture [8]. The Transformer architecture is considered one of the
most powerful network structures in deep learning [9], flourishing across various computer vision
tasks, including image classification [10,11], and object detection [12–14], among others. Furthermore,
the recently acclaimed ChatGPT [15] is also based on the Transformer architecture. Thus, integrating
the Transformer structure into SNNs while retaining its brain-like and low-power advantages is a
crucial factor for the current development of SNN algorithms and neuromorphic chips [16].

Currently, there have been some studies devoted to integrating SNNs with the Transformer
architecture. These studies could be categorized into two main types: (1) direct training methods [17,18]
and (2) the ANN-to-SNN conversion methods for SNNs-Transformer, wherein an ANN Transformer
model is trained, and subsequently, the pre-trained ANN parameters are mapped onto an SNN with
an identical structure [19,20].

Direct training methods focus on simulating Transformer by designing novel variants of self-
attention. The attention maps calculated through spike-form Query and Key [18] possessed natural
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non-negativity, obviating the necessity for the softmax function to maintain the non-negativity of the
attention maps. However, the removal of the crucial Softmax function could make the model difficult
to clearly distinguish the importance of relevant features. This makes it challenging for these SNN
models to achieve performance comparable to leading ANNs.

SNNs-Transformer models, derived through ANN-to-SNN conversion, have been found to
achieve performance comparable to ANNs-Transformer. For example, Z. Wang et al. [20] proposed
MST model based on the ANN-to-SNN conversion method, which successfully integrates Transformer
into SNNs by pruning the self-attention modules of Transformers and designing new spiking neurons
to simulate simple activation functions like ReLU. However, they typically required more time steps
to achieve high-level performance [21]. Additionally, they could not simulate the Softmax activation
function in Transformers through spiking neurons [22], which significantly impacts the model’s
performance and the overall feasibility of SNNs-Transformer.

The Softmax activation function in the Transformer architecture [10] and multi-head self-attention
[23] highlights the important features in the attention weight matrix, while suppressing significantly
lower values. It’s essential in maintaining the non-negativity of the matrix and holds an irreplaceable
position. However, the computational process of the Softmax function involves complex exponentiation
and division operations, which are incompatible with the computational rules of SNNs, rendering
simulation through spiking neurons challenging [24]. Therefore, implementing this function based on
spiking neurons is crucial for fully applying the Transformer architecture to SNNs.

In order to simulate the Softmax function using spiking neurons and realize the full structure
conversion model of SNNs-Transformer comparable to ANNs, we propose the Spiking-Softmax
method, which includes Spiking Exponential Neuron (SI-exp) and Spiking Collaboration Normalized
Neuron (SI-norm), filling the gap in Softmax function research in ANN-to-SNN conversion methods.
Based on the Spiking-Softmax method, we have implemented the Spike Integrated Transformer
conversion (SIT-conversion) method, which yields an SNNs-Transformer model compliant with
spiking neuron rules. We evaluated the SIT-conversion on various Transformer models using static
datasets, demonstrating the strong applicability of our method to Transformer structures. Our method
achieved nearly lossless ANN-to-SNN conversion using a minimal number of time steps. Overall, the
contributions of this work can be summarized as follows:

• We have designed a novel Spiking Exponential Neuron (SI-exp) and Spiking Collaboration
Normalized Neuron (SI-norm), leveraging the computational rules of spiking neurons to realize
the exponential and normalization operations of the Softmax activation function. By integrating
SI-exp and SI-norm, we have achieved the Spiking-Softmax method to simulate the Softmax
function in SNNs. This marks the first implementation of the Softmax activation function for
the self-attention mechanism in SNNs. With these proposed neurons, we have proposed the
SIT-conversion method, which fully applied the Transformer into SNNs.

• We evaluated SIT-conversion on static datasets using various Transformer structures and demon-
strated that SNNs generated by SIT-conversion from Transformer models achieved nearly identi-
cal accuracy to their ANNs counterparts, thus achieving nearly lossless ANN-to-SNN conversion.

2. Related Works

The Transformer architecture has been proven to significantly enhance model performance in
deep learning, and the combination of SNNs and Transformer can fully leverage the advantages of
Transformer in performance and SNNs in energy consumption [25]. Some studies have theoretically
demonstrated the effectiveness of this combination. The most common techniques for implementing
the Transformer architecture in SNNs are (1) direct training methods and (2) ANN-to-SNN conversion
methods. Direct training methods often achieve SNNs-compatible Transformer models through
structural innovations. To integrate the Transformer structure into SNNs, Zhang et al. [26] proposed
the Spiking Transformer Network (STNet), which consists of a Transformer module providing global
spatial information and an SNNs module for extracting temporal cues. However, they still use ANNs-

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 October 2024 doi:10.20944/preprints202410.2403.v1

https://doi.org/10.20944/preprints202410.2403.v1


3 of 20

Transformer to process spike data and have not fully implemented the Transformer model in SNNs.
To accommodate the nature of SNNs, Z. Zhou et al. [18] proposed Spiking Self-Attention (SSA)
method, which eliminates the need for Softmax by using sparse spike forms of Query, Key, and Value,
thus avoiding multiplication operations. However, removing the pivotal Softmax function in the
self-attention mechanism results in an inability to distinctly differentiate the importance of features.
Furthermore, SNNs-Transformer models trained using direct training methods typically require longer
training times and struggle to achieve performance comparable to leading ANNs on static datasets.

In order to shorten the training time of Transformer models in SNNs and approximate the
performance of ANNs-Transformer models, an ANN-to-SNN conversion method for Transformer
was provided by Mueller et al. [19], which can convert the Transformer model into SNNs. However,
only simple integrate and fire (IF) neurons were used to replace the ReLU activation function after
multi-head self-attention to achieve network conversion, without addressing the implementation of
self-attention mechanisms in SNNs, thereby deviating from the characteristics of SNNs. In order to
overcome this challenge, the MST model proposed by Z. Wang et al. [20] pruned the self-attention
modules of Transformers and designed new spiking neurons to simulate activation functions like ReLU,
successfully introducing the self-attention mechanism into SNNs, thereby effectively implementing
the Transformer architecture in SNNs. However, the converted self-attention mechanism still retains
the Softmax function from ANNs, failing to fully convert the entire architecture into SNNs. Although
training SNNs-Transformer models through ANN-to-SNN conversion methods can save a significant
amount of time compared to direct training, it still requires more time steps to achieve state-of-the-art
performance. Moreover, it can only convert simple activation functions such as ReLU and Sigmoid.
Complex activation functions such as Softmax in Transformers still cannot be simulated through
spiking neurons. Therefore, in the studies mentioned above where Transformer-SNNs models are
trained through the ANN-to-SNN conversion method, the converted Transformer model still uses
the Softmax activation function of ANNs during the inference process, making it impossible to fully
implement the Transformer architecture in SNNs.

To simulate complex activation functions, Stöckl & Maass [27] proposed FS-neuron, utilizing
time encoding with spiking patterns to convert more complex activation functions, requiring only a
few time steps, which significantly improved latency and throughput. According to their report, it
can be applied to almost any activation function, such as SiLU. However, due to the lack of a fixed
function curve for the Softmax activation function, trainable FS-neurons cannot simulate it. Therefore,
simulating the Softmax activation function through spiking neurons to achieve low-latency ANN-
to-SNN conversion for SNNs-Transformer models remains an ongoing challenge. In this study, we
decompose the Softmax activation function and leverage the computational characteristics of spiking
neurons to separately design different spiking neurons that require only a few time steps to simulate
exponential and normalization operations. Ultimately, the integrated collaboration of multiple spiking
neurons achieved the Spiking-Softmax method in the self-attention mechanism, thus fully realizing
the conversion of the Transformer architecture in SNNs.

3. Methods

3.1. Structure of Spike Integrated Transformer

In this study, the Spike Integrated Transformer (SIT) model is proposed, which implements
the self-attention mechanism in spiking neural networks (SNNs) through ANN-to-SNN conversion
methods, enhancing the learning capability of SNNs. As shown in Figure 1, to convert the original
artificial neural network into a fully spiking form, Spiking-Softmax method that includes Spiking
Exponential Neuron (SI-exp) and Spiking Collaboration Normalized Neuron (SI-norm) is proposed to
simulate the Softmax function of the typical self-attention mechanism. The self-attention mechanism
of the SIT model computes Query, Key, and Value using Spiking Neurons [20], obtains an attention
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matrix through Query and Key, and then the Spiking-Softmax method is applied to normalize the
attention matrix, thus achieving the complete conversion of the Transformer architecture in SNNs.

Figure 1. Structure of the Spike Integrated Transformer, where the Softmax activation function in the
multi-head attention mechanism is replaced by Spiking-Softmax.

3.2. Spiking-Softmax Method

In this section, we will specifically introduce the method of simulating the Softmax activation
function in SNNs. Previous ANN-to-SNN conversion methods mainly focused on converting single-
input activation functions, while the Softmax activation function requires processing a set of inputs.
Considering this characteristic, we refer to the calculation equation of Softmax and propose the Spiking
Exponential Neuron (SI-exp) and Spiking Collaboration Normalized Neuron (SI-norm) to simulate the
exponentiation and normalization operations in the Softmax function, respectively. Then, we propose
the Spiking-Softmax method by integrating SI-exp and SI-norm neurons. As shown in Equation 1, expi
denotes the i-th SI-exp neuron, and norm denotes the SI-norm neuron.

Spiking_So f tmax(x) =
expi(x)

norm(∑i expi(x))
(1)

The threshold voltage Vth of the SI-norm neuron is obtained by summing the outputs of all SI-exp
neurons, simulating the summation operation of the Softmax function. The SI-norm neuron receives
the outputs of SI-exp neurons and the threshold voltage Vth, normalizing the outputs of the SI-exp
neurons. Thus, the simulation of the Softmax function have been achieved based on the integrated
collaboration of SI-exp neurons and SI-norm neurons, thereby achieving the Spiking-Softmax method,
as illustrated in Figure 2.
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Figure 2. Principle of the Spiking-Softmax method implementation. The expi denotes the i-th SI-exp
neuron, where i = 1, 2, ..., n. The Vth (the sum of all SI-exp neuron outputs) denotes the threshold
voltage of the SI-norm neuron, and the regular spike sequence sr denotes the input to the SI-norm
neuron. Simultaneously, the output of the SI-exp neurons serves as the weight w for the SI-norm
neuron.

3.3. Spiking Exponential Neuron

Inspired by FS-neuron [27], the Spiking Exponential Neuron (SI-exp) has been improved, allowing
it to simulate exponential operations by emitting a few spikes within K time steps. In SI-exp, it is
necessary to optimize the internal parameters T(t), h(t), and d(t), where t = 1, ..., K. T(t) and d(t)
respectively represent the threshold voltage and spike output of the t-th time step, while h(t) is used
to control the membrane potential changes at each time step. Through optimization, the exponential
operation of a given ANN is simulated by a weighted sum of spikes ∑K

t=1 d(t)z(t), where z(t) denotes
the spike train produced by the neuron. Figure 3 illustrates the inference process of the SI-exp neuron.

v(t + 1) =

{
x,t = 0

v(t)− h(t)z(t),0 < t < K
(2)

x denotes the floating-point input, v(t) denotes the membrane potential of the neuron. If the
neuron triggers a spike at time step t, then v(t) must exceed the current discharge threshold T(t), at
which point the neuron generates a spike signal z(t)=1; otherwise, z(t)=0. After spiking at time step t,
the membrane potential v(t) is reset to v(t)-h(t). The change in membrane potential v(t) over K time
steps is represented by Equation 2. The spike signal z(t) of the SI-exp neuron is defined by Equation 3.

z(t) = Θ(v(t)− T(t)) (3)

Where Θ represents the Heaviside step function. After K time steps of inference, the final output
of the SI-exp neuron is as shown in Equation 4. Since the Spiking-Softmax method includes multiple
SI-exp neurons, here expi is used to represent the output of the i-th SI-exp neuron.

expi =
K

∑
t=1

d(t)z(t) (4)
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Figure 3. Inference process of the SI-exp neuron over K time steps. Where x denotes the floating-point
input, and the internal parameters h(t), d(t), T(t) are optimized in advance to simulate the charge-
discharge activity of the SI-exp neuron. After K time steps of inference, the final output of the SI-exp
neuron expi is obtained, which approximately equals the result of the exponential operation exp(x) in
ANNs.

When optimizing the internal parameters h(t), d(t), T(t) of the SI-exp neuron, a selection of 10,000
numbers as independent variables, evenly spaced in the interval [-1, 1], was chosen as training data,
with their corresponding exponential values used as training labels. The distribution of the optimized
internal parameters T(t), h(t), d(t) is shown in Figure 4. Using the optimized parameters, the output of
the SI-exp neuron after K time steps of inference is compared with the exponential function exp(x) of
ANNs. The root mean square error is 0.0015413, indicating that the average deviation between the
inference of SI-exp and the true values can be negligible.

Figure 4. Distribution of optimized internal parameters of the SI-exp neuron. The horizontal axis
denotes the time step, and the vertical axis denotes the parameter value.
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3.4. Spiking Collaboration Normalized Neuron

The Spiking Collaboration Normalized Neuron (SI-norm) is proposed to simulate the normal-
ization operation of the Softmax function, which includes an input spike sequence (sr), a threshold
voltage (Vth), and weights (w), which can be directly used in the inference process. In the rate encoding
method proposed by Zhang & Zhang [28], a floating-point number x is encoded into a spike sequence,
with the number of spikes within a period T denoted as Nspike. The input of the SI-norm neuron is a
regular spike sequence sr obtained by encoding the floating-point number 1.0. The output expi of the
SI-exp neuron is considered as the weight w of the SI-norm neuron, where i denotes the index of the
SI-exp neuron and n denotes the number of SI-exp neurons. The threshold voltage Vth is obtained by
summing the outputs expi of the SI-exp neurons, as shown in Equation 5.

Vth =
n

∑
i=1

expi (5)

Figure 5. SI-norm neuron. a) A simulation of the SI-norm neuron over T time steps, with the output
spike sequence denoted by z(t). b) SI-norm neurons are implemented using Nspike rather than sr.

The membrane potential v(t) changes over T time steps starting from the initial value v(0)=0 as
illustrated in Figure 5(a). At each time step t, the spiking neuron first undergoes charging, and the
change in membrane potential during charging is given by Equation 6.

v(t) = v(t − 1) + sr(t) · w (6)

w denotes the weight of the SI-norm neuron, sr(t) is the value of the regular spiking sequence sr
at different time steps, where t = 1, . . . , T. If v(t) exceeds the threshold voltage Vth, then the spiking
signal of the neuron is z(t) = 1, and the neuron discharges simultaneously; otherwise, z(t) = 0. The
change in membrane potential during discharge is given by Equation 7.

v(t) = v(t)− Vth · z(t) (7)

Through observation of the charging-discharging activity of the neuron, eventually, the change in
the membrane potential of neuron can be given by Equation 8.

v(t) = v(t − 1) + sr(t) · w − Vth · z(t) (8)

After T time steps of change, the output of the SI-norm neuron, denoted as out, as shown by
Equation 9. If no spikes are emitted, then out = 0.
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out = max

(
0,

⌊
T

∑
t=1

sr(i) · w
Vth

⌋)
= max

(
0,

⌊
T

∑
t=1

z(t)

⌋)
(9)

As shown in Figure 2, the values of Vth and expi depend on the inputs x1 ∼ xn, hence during
the ANN-to-SNN conversion process, the weights and threshold voltage of the SI-norm neuron
dynamically change. There exists a linear relationship between out and Nspike, with the linear factor
being wi/Vth , as shown in Equation 10.

Spiking_Softmax(x) = out = max
(

0,
⌊

Nspike · w
Vth

⌋)
(10)

Nspike denotes the number of spikes in the spiking sequence sr within the period T. If the threshold
voltage Vth is the product of w and Nspike, then this voltage accumulates Nspike times to generate an
output spike. Substituting Nspike for the input sr of SI-norm, amplifying the spiking signal, it is possible
to save time of charging-discharging activity over T time steps in the inference process, as shown in
Figure 5(b).

3.5. ANN-to-SNN Conversion Method

Based on the proposed Spiking-Softmax method, it is possible to achieve the ANN-to-SNN
conversion of Transformer into Spike Integrated Transformer (SIT), which we refer to as SIT-conversion.
The Spiking-Softmax method we proposed integrates SI-exp and SI-norm neurons, simulating the
Softmax activation function in SNNs in the form of spikes, thereby achieving SIT-conversion for the
Transformer model. The specific process of SIT-conversion is shown in Figure 6. The red and blue
boxes in the middle represent neurons in ANN and SNN, respectively, and the horizontal arrows
indicate the corresponding neurons are equivalent.

Figure 6. ANN-to-SNN Conversion Process.
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4. Experiment and Results

4.1. Experiment Setup

4.1.1. Datasets and Parameter Setup

In this section, we evaluated the proposed SIT-conversion on popular image classification datasets
CIFAR10 [29], CIFAR100 [30], and ImageNet-1K [31]. The CIFAR10 dataset consists of 60,000 samples,
divided into 10 categories, where each sample is a 32×32 pixel RGB image. These 60,000 samples are
further split into 50,000 training samples and 10,000 testing samples. The CIFAR100 dataset is similar
to CIFAR10, except it has 100 categories, with each category containing 500 training images and 100
testing images. The ImageNet-1K dataset contains 1.2 million training samples, 50,000 validation
samples, and is divided into 1000 categories.

To empirically demonstrate the superiority and effectiveness of the proposed method, we op-
timized the internal parameters of SI-exp neurons by setting different time steps, verifying the ap-
proximation quality of the Spiking-Softmax method and the conversion efficiency of SIT-conversion.
In addition, we performed SIT-conversion on various Transformer models to verify its effectiveness
and robustness across Transformer variants of different sizes, providing comprehensive explanations
of the experimental implementation details. Subsequently, we longitudinally compared the perfor-
mance of SNNs generated by SIT-conversion from different Transformers on CIFAR10, CIFAR100,
and ImageNet-1K datasets, discussing the universality of the proposed method, and quantitatively
discussing the energy efficiency of the proposed method through calculations. Finally, we compared
the effects of SIT-conversion on Transformer models of different sizes with state-of-the-art conversion
techniques to validate the superiority of the proposed method.

4.1.2. Calculation of Energy Efficiency

To intuitively compare the energy consumption of ANNs models and SNNs models obtained
through SIT-conversion, we used the energy estimation method proposed by [32] to quantitatively
calculate energy reduction. First, we quantified the computational complexity of the l layers of both
models using floating-point operations (FLOPs).

FLOPsANN (l) =

{
k2 × cin × cout × win × hout , Conv layer
fin × fout , Linear layer

(11)

FLOPsSNN(l) = FLOPsANN(l)×
SpikeNum(l)

NeuronNum(l)
(12)

Where k denotes the size of the convolutional kernel, cin and cout denote the numbers of input
and output channels, win and hout denote the widths and heights of the output feature maps, and fin
and fout are the numbers of input and output features. SpikeNum(l) and NeuronNum(l) denote the
total number of spikes and the number of neurons in layer l across all time steps. FLOPsANN(l) and
FLOPsSNN(l) denote the computational complexity of layer l for ANN and SNN models, respectively.

EANN = ∑
l

FLOPsANN(l)× EMAC (13)

EANN = ∑
l

FLOPsANN(l)× EAC (14)

In ANNs, each operation involves a floating-point multiply-accumulate (MAC) operation, whereas
in SNNs, each operation is simply a floating-point addition (AC). In 45 nm CMOS, the energy cost of
an ANN MAC operation is 4.6pJ, while the energy cost of an SNN addition operation is only 0.9pJ [33].
Therefore, by considering the FLOPs of the model and the energy cost of operations, we can calculate
the energy consumption of SNN and ANN models.
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4.2. Loss of the Spiking-Softmax Method in Different Time Steps

The time step K required by the SI-exp neuron not only affects the inference speed of the Spiking-
Softmax method in SNNs but also correlates with the approximation quality of Spiking-Softmax.
Since the internal parameters H(t), d(t), T(t) of the SI-exp neuron are related to the time step K and
need to be pretrained. Therefore, a selection of 10,000 numbers as independent variables, evenly
spaced in the interval [-1, 1], was chosen as training data, with their corresponding exponential values
used as training labels. Then, by setting different time steps K, we trained the internal parameters of
the SI-exp neuron for different K values, verifying the relationship between the time step K and the
approximation quality of Spiking-Softmax.

Figure 7. The impact of different time steps on the Spiking-Softmax method’s simulation of the Softmax
activation function. K denotes the time step, and MSE is the mean square error of the Spiking-Softmax
method’s approximation to the Softmax activation function. The red cross indicates the chosen value of
K in the given context, where K=12 achieves the lowest MSE of 0.013991.

The essence of the trade-off between the size of K and the approximation quality of Spiking-
Softmax is illustrated in Figure 7, with the specific effect reflected in the values of mean square error.
Since the training range of the internal parameters of SI-exp neurons is [-1, 1], we computed the
mean square error using random values in the range [-1, 1], independent of any specific dataset.
Therefore, our Spiking-Softmax method exhibits extremely strong generalization. Typically, rate-based
conversions can only simulate simple activation functions, such as ReLU. Additionally, a large number
of time steps are usually required to achieve a sufficiently accurate approximation, leading to high
power consumption. However, our proposed SIT-conversion based on the Spiking-Softmax method
only requires 12 time steps to simulate the Softmax activation function, with an MSE of only 0.013991,
making the error almost negligible.

4.3. Performance on Different Transformer Models

To demonstrate the effectiveness and robustness of SIT-conversion across various scales of Trans-
former variants, three typical CNN-Transformer hybrid architecture models, EdgeNeXt [34], Next-ViT
[35], and UniFormer [36], were selected to validate the proposed method on CIFAR10, CIFAR100, and
ImageNet-1K datasets. EdgeNeXt and Next-ViT represent relatively shallow Transformer models,
whereas UniFormer represents a deeper Transformer model. The models were trained in parallel using
two NVIDIA RTX4090 GPUs, and one was employed during the SNN inference phase.
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Table 1. Parameter settings of EdgeNeXt, Next-ViT, and UniFormer models trained on CIFAR10,
CIFAR100, and ImageNet-1K datasets.

Model Dataset lr weight-decay epoch

EdgeNeXt CIFAR10 6e-3 0.05 100
CIFAR100 6e-3 0.05 100

ImageNet-1K / / /

Next-ViT CIFAR10 5e-4 0.1 100
CIFAR100 5e-4 0.1 100

ImageNet-1K 5e-6 1e-8 20

UniFormer CIFAR10 5e-4 0.05 100
CIFAR100 5e-4 0.05 100

ImageNet-1K 4e-5 0.05 25

The input size of the model was set to 224×224, with a batch size of 256. All experiments were
conducted using the AdamW optimizer [37] with a cosine learning rate schedule, as detailed in Table 1.
Pretrained model (EdgeNeXt-S) obtained from the ImageNet-1K dataset was fine-tuned on CIFAR10
and CIFAR100 datasets. By default, the EdgeNeXt model had learning rate and weight decay set to
6e-3 and 0.05, respectively, and was fine-tuned for 100 epochs on both CIFAR10 and CIFAR100. For
the Next-ViT model, pretrained model weights (Next-ViT-S) were loaded and fine-tuned on CIFAR10,
CIFAR100, and ImageNet-1K datasets. By default, the learning rate and weight decay were set to
5e-6 and 0.1, respectively, with a gradual decay in learning rate. The model was fine-tuned for 20
epochs on the ImageNet-1K dataset with a weight decay of 1e-8. Fine-tuning was performed for 100
epochs on CIFAR10 and CIFAR100 with a learning rate of 5e-4 to achieve better convergence. For
the UniFormer model, pretrained model weights (UniFormer_XXS) were loaded and fine-tuned on
CIFAR10, CIFAR100, and ImageNet-1K datasets. By default, the learning rate and weight decay were
set to 4e-5 and 0.05, respectively, with a gradual decay in learning rate. To prevent overfitting, the
model was fine-tuned for 25 epochs on the ImageNet-1K dataset. Fine-tuning was conducted for 100
epochs on CIFAR10 and CIFAR100 with a learning rate of 5e-4. For the fine-tuned ANNs of EdgeNeXt,
Next-ViT, and UniFormer models, we employed SIT-conversion to obtain corresponding converted
SNNs models, and inference was conducted on different datasets to validate the effectiveness of
SIT-conversion.

4.3.1. Performance on EdgeNeXt Model

To validate the effectiveness and efficiency of SIT-conversion for shallow Transformer architecture
conversion, we selected the CNN-Transformer architecture image classification model, EdgeNeXt
[34], for experimentation. The fine-tuned ANNs EdgeNeXt model demonstrates outstanding image
classification performance on CIFAR10 (97.69%), CIFAR100 (85.40%), and ImageNet-1K (79.42%)
datasets. The EdgeNeXt model comprises three Vision Transformer encoders, and in the experiment,
SIT-conversion was employed to perform ANN-to-SNN conversion of the Transformer blocks within
the EdgeNeXt model. To visually demonstrate the advantages of our SIT-conversion in the process of
Transformer conversion, we systematically converted the Transformer Blocks within EdgeNeXt layer
by layer, while recording the accuracy loss during the ANN-to-SNN conversion process.
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Table 2. Accuracy variation of the EdgeNeXt model during layer-by-layer Transformer block conversion
via SIT-conversion on CIFAR10, CIFAR100, and ImageNet-1K datasets, where numbers in parentheses
represent conversion losses. Layers represent the number of Transformer blocks converted.

Layers ImageNet-1K(%) CIFAR100(%) CIFAR10(%)

0 79.42 85.40 97.69

1 79.30(-0.10) 85.37(-0.03) 97.69(0.00)

2 79.30(-0.10) 85.42(+0.02) 97.68(-0.01)

3 79.18(-0.24) 85.37(-0.03) 97.69(0.00)

The accuracy variations of the EdgeNeXt model during ANN-to-SNN conversion of Transformer
blocks via SIT-conversion on CIFAR10, CIFAR100, and ImageNet-1K datasets are depicted in Table 2.
With an increasing number of Transformer blocks converted, the accuracy of the EdgeNeXt model on
CIFAR10 ranges from 97.68% to 97.69%, on CIFAR100 ranges from 85.37% to 85.42%, and on ImageNet-
1K ranges from 79.18% to 79.30%. Upon conversion of all Transformer blocks in the EdgeNeXt
model, the performances of the resulting SNNs generated by EdgeNeXt’s SIT-conversion on CIFAR10,
CIFAR100, and ImageNet-1K datasets are 97.69%, 85.37%, and 79.18%, respectively. The accuracy losses
caused by SIT-conversion on CIFAR10 and CIFAR100 are only 0.01% and 0.03%, respectively, while the
maximum loss on the ImageNet-1K dataset is 0.24%. The accuracy loss is negligible, achieving nearly
lossless conversion.

4.3.2. Performance on Next-Vit Model

To validate the universality of SIT-conversion for shallow Transformer architecture conversion, the
experiment selected the model Next-ViT [35], which adopts the same CNN-Transformer architecture
and can be efficiently deployed in real-world industrial scenarios. Due to the majority of inputs to
the Softmax function of the Transformer block in the Next-ViT model exceeding the training range
of SI-exp neurons, a Sigmoid function was added before the model’s Softmax function. Fine-tuning
yields excellent performance of the ANNs-based Next-ViT model on the CIFAR10, CIFAR100, and
ImageNet-1K datasets, achieving accuracies of 97.62%, 86.54%, and 81.71% respectively. The Next-ViT
model comprises four Transformer blocks. The SIT-conversion was employed in the experiment to
achieve ANN-to-SNN conversion of the Transformer blocks within the Next-ViT model.

In order to visually demonstrate the advantages of our SIT-conversion in the process of Trans-
former blocks conversion, we systematically converted the Transformer blocks in Next-ViT layer by
layer, recording the accuracy loss during the ANN-to-SNN conversion process.

Table 3. Accuracy variation of the Next-ViT model during layer-by-layer Transformer block conversion
via SIT-conversion on CIFAR10, CIFAR100, and ImageNet-1K datasets, where numbers in parentheses
represent conversion losses.

Layers ImageNet-1K(%) CIFAR100(%) CIFAR10(%)

0 81.71 86.54 97.62

1 81.71(0.00) 86.55(+0.01) 97.61(-0.01)

2 81.72(+0.01) 86.55(+0.01) 97.61(-0.01)

3 81.72(+0.01) 86.53(-0.01) 97.61(-0.01)

4 81.72(+0.01) 86.55(+0.01) 97.61(-0.01)

The performances of the Next-ViT model when the Transformer blocks are converted layer by
layer from ANN to SNN using SIT-conversion on CIFAR10, CIFAR100, and ImageNet-1K datasets
are shown in Table 3. As the number of converted Transformer blocks increases, the accuracy of
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Next-ViT varies from 97.61% to 97.62% on CIFAR10, from 86.53% to 86.55% on CIFAR100, and from
81.71% to 81.72% on ImageNet-1K. When all Transformer blocks of the Next-ViT model are converted,
the accuracies of the SNNs generated by Next-ViT’s SIT-conversion on CIFAR10, CIFAR100, and
ImageNet-1K datasets are 97.61%, 86.55%, and 81.71% respectively. The accuracy loss caused by
SIT-conversion is maximum on CIFAR10 (-0.01%), which can be neglected, while on CIFAR100 and
ImageNet, the accuracies are improved by 0.01% respectively.

4.3.3. Performance on UniFormer Model

In this section, the UniFormer [36] model for efficient visual recognition was employed to verify
the effectiveness and efficiency of SIT-conversion on deep Transformer models. Due to the majority of
inputs to the Softmax function of the Transformer block in the UniFormer model exceeding the training
range of SI-exp neurons, a Sigmoid function was added before the model’s Softmax function. Fine-
tuning yields excellent performance of the ANNs-based UniFormer model on the CIFAR10, CIFAR100,
and ImageNet-1K datasets, achieving accuracies of 97.46%, 85.70%, and 77.16% respectively. The
UniFormer model employs global MHRA in deep layers to learn global token relations, where global
MHRA is implemented by stacking Transformer blocks. The global MHRA of the UniFormer_XXS
model used in the experiment consists of a total of 10 Transformer blocks. The SIT-conversion was
employed to convert the Transformer blocks in UniFormer layer by layer from ANN to SNN, recording
the accuracy loss during the transformation process to visually demonstrate the effectiveness of
SIT-conversion.

Table 4. Accuracy variation of the UniFormer model during layer-by-layer Transformer block con-
version via SIT-conversion on CIFAR10, CIFAR100, and ImageNet-1K datasets, where numbers in
parentheses represent conversion losses.

Layers ImageNet-1K(%) CIFAR100(%) CIFAR10(%)

0 77.16 85.70 97.46

1 77.16(0.00) 85.68(-0.02) 97.46(0.00)

2 77.18(+0.02) 85.75(+0.05) 97.45(-0.01)

3 77.18(+0.02) 85.72(+0.02) 97.47(+0.01)

4 77.18(+0.02) 85.68(-0.02) 97.45(-0.01)

5 77.20(+0.04) 85.69(-0.01) 97.45(-0.01)

6 77.19(+0.03) 85.70(0.00) 97.47(+0.01)

7 77.18(+0.02) 85.68(-0.02) 97.46(0.00)

8 77.15(-0.01) 85.72(+0.02) 97.48(+0.02)

9 77.17(+0.01) 85.70(0.00) 97.48(+0.02)

10 77.11(-0.05) 85.77(+0.07) 97.59(+0.13)

The performances of the UniFormer model when the Transformer blocks are converted layer by
layer from ANN to SNN using SIT-conversion on CIFAR10, CIFAR100, and ImageNet-1K datasets are
shown in Table 4. As the number of converted Transformer blocks increases, the accuracy of UniFormer
varies from 97.45% to 97.59% on CIFAR10, from 85.68% to 85.77% on CIFAR100, and from 77.11%
to 77.20% on ImageNet-1K. When all Transformer blocks in the UniFormer model are converted,
the accuracies of the SNNs generated by UniFormer’s SIT-conversion on CIFAR10, CIFAR100 and
ImageNet-1K datasets are 97.59%, 85.77%, and 77.11% respectively. The accuracy loss caused by
SIT-conversion reaches a maximum of 0.05% on ImageNet-1K, which can be negligible, achieving
almost lossless conversion. Meanwhile, the model accuracies are improved by 0.13% and 0.07% on
CIFAR10 and CIFAR100 respectively.
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4.3.4. Comparison of Different Transformer Models

In this section, the ANN-to-SNN conversion effects of applying SIT-conversion to the EdgeNeXt,
Next-ViT, and UniFormer models were longitudinally compared on the CIFAR10, CIFAR100, and
ImageNet-1K datasets.

Table 5. The accuracy, conversion loss, and theoretical energy consumption per sample during inference
(parentheses indicate energy reduction compared to ANN) of SNNs generated by SIT-conversion from
three state-of-the-art Transformer models on CIFAR10, CIFAR100, and ImageNet-1K datasets are
presented. SNNs generated by Transformer’s SIT-conversion achieve nearly the same accuracy as their
ANNs counterparts.

Model ANN
Acc SIT-conversion

Acc
Conversion

Loss

Blocks Params FLOPs Energy(mJ)

ImageNet-
1K

EdgeNeXt 79.42% 79.18% -0.24% 3 5.59M 1.26G 3.19(-
44.96%)

Next-ViT 81.71% 81.71% 0.00% 4 31.76M 5.8G 21.83(-
18.18%)

UniFormer 77.16% 77.11% -0.05% 10 10.21M 1.3G 4.49(-
24.92%)

CIFAR100
EdgeNeXt 85.40% 85.37% -0.03% 3 5.59M 1.26G 3.22(-

44.22%)
Next-ViT 86.54% 86.55% +0.01% 4 31.76M 5.8G 21.32(-

20.09%)
UniFormer 85.70% 85.77% +0.07% 10 10.21M 1.3G 4.48(-

25.08%)

CIFAR10
EdgeNeXt 97.69% 97.69% 0.00% 3 5.59M 1.26G 3.18(-

45.13%)
Next-ViT 97.62% 97.61% -0.01% 4 31.76M 5.8G 21.56(-

19.19%)
UniFormer 97.46% 97.59% +0.13% 10 10.21M 1.3G 4.50(-

24.75%)

As shown in Table 5, it can be observed that the SIT-conversion accuracies of the EdgeNeXt, Next-
ViT, and UniFormer models on the ImageNet-1K dataset are 79.18%, 81.71%, and 77.11% respectively.
As most of the inputs to the Softmax function in the Transformer blocks of the EdgeNeXt model lie
within the preset range of SI-exp neurons, we did not add a Sigmoid function before the Softmax
function of the EdgeNeXt model to enforce input range restriction, resulting in the maximum accuracy
loss of 0.24% compared to its ANN model for the SNN generated by EdgeNeXt’s SIT-conversion
on the ImageNet-1K dataset. However, for the UniFormer and Next-ViT models, the input range
of the Softmax function was constrained, resulting in negligible accuracy losses of only UniFormer
(-0.05%) and Next-ViT (0.00%) respectively. On the CIFAR100 dataset, the SIT-conversion accuracies of
the EdgeNeXt, Next-ViT, and UniFormer models are 84.37%, 86.55%, and 85.77% respectively. The
maximum accuracy loss of the SNN generated by the SIT-conversion of the EdgeNeXt model reaches
0.03%, while the accuracies after conversion for the Next-ViT and UniFormer models are improved by
0.01% and 0.07% respectively. On the CIFAR10 dataset, the SIT-conversion accuracies of the EdgeNeXt,
Next-ViT, and UniFormer models are 97.69%, 97.61%, and 97.59% respectively. The maximum accuracy
loss of the SNN generated by the SIT-conversion of the Next-ViT model is 0.01%, while the accuracy
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improvement after conversion for the UniFormer model is 0.13%. The accuracy of the EdgeNeXt model
remains unchanged before and after conversion.

The EdgeNeXt, Next-ViT, and UniFormer models contained different numbers of Transformer
blocks, with EdgeNeXt containing 3 Transformer blocks, Next-ViT containing 4 Transformer blocks,
and UniFormer containing 10 Transformer blocks. However, the maximum conversion loss generated
by SIT-conversion is only 0.24%, which is almost negligible. Furthermore, by using SIT-conversion
to convert EdgeNeXt, Next-ViT, and UniFormer models, the energy consumption was significantly
reduced. The energy consumption is reduced by 44.44% to 45.13% on the EdgeNeXt model, by 24.75%
to 25.08% on the UniFormer model, and by 18.18% to 20.09% on the Next-ViT model, greatly reducing
the energy required during the model inference process.

The above results demonstrated that SIT-conversion exhibited excellent performance in the
ANN-to-SNN conversion process of various Transformer variants, confirming the universality of the
proposed method. Even with 10 Transformer blocks in the UniFormer model, the Spiking-Softmax
method could still maintain the accuracy of the attention matrix, without resulting in significant
performance loss in the SNNs generated by SIT-conversion, achieving nearly lossless conversion.
Simultaneously, it greatly reduced the model’s energy consumption.

4.4. Performance on with SOTA SNN Models

In this section, we compared our ANN-to-SNN framework with several state-of-the-art methods
from different technological approaches. Firstly, we presented the comparison results of the proposed
Spike-Softmax-based SIT-conversion on CIFAR10, CIFAR100, and ImageNet-1K datasets with other
advanced ANN-to-SNN methods, including the MST [20] method based on the Transformer archi-
tecture, as well as the SNM [38] and QCFS [39] methods based on CNN architecture. Subsequently,
we compared the results with some works that directly train SNN-Transformer models, including
Spikformer [18] and Spikingformer [17].

Table 6. Performance comparison of the SNNs generated by SIT-conversion of EdgeNeXt, Next-ViT,
and UniFormer models with SOTA SNNs on CIFAR10, CIFAR100, and ImageNet-1K datasets.

Model Method Architecture Time Steps ACC(%) Conversion
Loss(%)

CIFAR10
Spikformer[18] Direct

Training
Spikformer-4-

384
4 95.19 /

Spikingformer[17] Direct
Training

Spikingformer-
4-384

4 95.61 /

SNM [38] ANN-To-
SNN

ResNet-18 128 95.19 -0.02

QCFS[39] ANN-To-
SNN

ResTNet-18 32 96.08 +0.04

MST[20] ANN-To-
SNN

Swin-T (BN) 256 97.27 -1.01

SIT-
EdgeNeXt

(ours)

ANN-To-
SNN

EdgeNeXt 12 97.69 0.00

SIT-Next-ViT
(ours)

ANN-To-
SNN

Next-ViT 12 97.61 -0.01

SIT-
UniFormer

(ours)

ANN-To-
SNN

Uniformer 12 97.59 +0.13
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Table 6. Cont.

Model Method Architecture Time Steps ACC(%) Conversion
Loss(%)

CIFAR100
Spikformer[18] Direct

Training
Spikformer-4-

384
4 77.86 /

Spikingformer[17] Direct
Training

Spikingformer-
4-384

4 79.09 /

SNM [38] ANN-To-
SNN

ResNet-18 128 77.97 -0.29

QCFS[39] ANN-To-
SNN

RestNet-18 512 79.61 +0.81

MST[20] ANN-To-
SNN

Swin-T (BN) 256 86.91 -1.81

SIT-
EdgeNeXt

(ours)

ANN-To-
SNN

EdgeNeXt 12 85.37 -0.03

SIT-Next-ViT
(ours)

ANN-To-
SNN

Next-ViT 12 86.55 +0.01

SIT-
UniFormer

(ours)

ANN-To-
SNN

Uniformer 12 85.77 +0.07

ImageNet-1K
Spikformer[18] Direct

Training
Spikformer-8-

768
4 74.81 /

Spikingformer[17] Direct
Training

Spikingformer-
8-786

4 75.85 /

SNM [38] ANN-To-
SNN

VGG16 1024 73.16 -0.02

QCFS[39] ANN-To-
SNN

RestNet-18 1024 74.32 +0.03

MST[20] ANN-To-
SNN

Swin-T (BN) 512 78.51 -2

SIT-
EdgeNeXt

(ours)

ANN-To-
SNN

EdgeNeXt 12 79.18 -0.24

SIT-Next-ViT
(ours)

ANN-To-
SNN

Next-ViT 12 81.71 0.00

SIT-
UniFormer

(ours)

ANN-To-
SNN

Uniformer 12 77.11 -0.05

The comprehensive comparison results of the SNNs generated by SIT-conversion of EdgeNeXt,
Next-ViT, and UniFormer models with other SOTA SNNs models on CIFAR10, CIFAR100, and Im-
ageNet datasets are presented in Table 6. Compared to non-Transformer architecture-based ANN-
to-SNN conversion methods, the accuracies of the SNNs generated by SIT-conversion on CIFAR10,
CIFAR100, and ImageNet datasets are higher than those of SNM [38] and QCFS [39]. Additionally, our
SIT-conversion requires only 12 time steps, significantly fewer than the time steps required by SNM
and QCFS. However, due to their non-Transformer architecture, the proposed methods are not directly
comparable to SNM and QCFS in terms of conversion loss and model parameter count.

Compared to SNNs based on the Transformer architecture, SNNs generated by the SIT-conversion
of EdgeNeXt and Next-ViT models surpass the accuracy of the MST [20] model, which employs ANN-
to-SNN conversion approach, on the CIFAR10 and ImageNet-1K datasets. Although the accuracies
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of SNNs generated by the SIT-conversion of EdgeNeXt, Next-ViT, and UniFormer models on the
CIFAR100 dataset is lower than that of the MST model (86.91%) and the accuracy of SNNs generated
by the SIT-conversion of the UniFormer model on the ImageNet-1K dataset is lower than that of the
MST model (78.51%), the models used in the experiments all adopt a lightweight CNN-Transformer
hybrid architecture. Furthermore, the conversion loss of all models on the three datasets is reduced by
1% to 1.89% compared to the MST model. Moreover, the SIT-conversion achieves the conversion of the
Transformer core and achieves nearly lossless conversion in only 12 time steps, which is significantly
lower than the 256 time steps required by MST.

SNNs generated by the SIT-conversion of EdgeNeXt, Next-ViT, and UniFormer models achieve
higher accuracies on the CIFAR10, CIFAR100, and ImageNet-1K datasets compared to directly trained
Spikformer [18] and Spikingformer [17]. Furthermore, the ANN-to-SNN conversion method could
achieve performance comparable to leading ANNs without requiring prolonged training time.

The results indicate that our proposed SIT-conversion based on the Spiking-Softmax method
achieves not only the highest level of SNN inference accuracy but also achieves nearly lossless ANN-
to-SNN conversion in the evaluated network architectures and datasets using only 12 time steps, and
truly realizes the self-attention mechanism in Transformer models through ANN-to-SNN conversion.

5. Discussion

Currently, studies on ANN-to-SNN conversion of Transformer models achieved energy reduction
by converting simple activation functions such as ReLU in MLPs or by pruning the attention maps
in the self-attention mechanism. However, the converted SNN-Transformer models still utilized the
self-attention mechanism of ANNs. Within the self-attention mechanism lies a complex activation
function, Softmax, for which we proposed the Spiking-Softmax method to simulate in SNNs. Based
on Spiking-Softmax method, we have proposed the SIT-conversion to achieve energy reduction in
Transformer models.

Our proposed Spiking-Softmax method comprises Spiking Exponential Neuron (SI-exp) and
Spiking Collaboration Normalized Neuron (SI-norm). SI-exp neurons leveraged the use of spike-form-
based timing encoding, where spike timing conveys additional information, specifically implemented
through their internal parameters T(t), h(t), and d(t). By optimizing these internal parameters, precise
simulation of exponential operations could be achieved in SNNs with only a few time steps required
for inference. However, due to the simplicity of neuron structure, accurate simulation within a large
input range is currently unattainable. Experimental results demonstrate that the current parameter
selection method enables iterative processing within the input range of -1 to 1, thus achieving more
accurate simulation. SI-norm neurons, receiving outputs from SI-exp neurons, dynamically adjust
weights and thresholds to perform normalization operations through spike emission. By integrating
SI-exp and SI-norm neurons, complex Softmax activation functions can be simulated with minimal
loss.

Our proposed SIT-conversion based on the Spiking-Softmax method achieved the conversion
of the core self-attention mechanism of the Transformer model in just 12 time steps. Moreover, SIT-
conversion was applicable to Transformer models of various scales, with the UniFormer model tested
currently containing up to 10 Transformer blocks. However, because most inputs to the Softmax
function of Transformer blocks in the Next-ViT and UniFormer models exceed the training range
of SI-exp neurons, we added a Sigmoid layer before them to ensure that the majority of inputs
to Spiking-Softmax during inference lie within [-1,1], thus achieving nearly the same accuracy as
their corresponding ANNs. Since most inputs to the Softmax function of Transformer blocks in the
EdgeNeXt model fall within the training range of SI-exp neurons, we directly performed SIT-conversion
on the EdgeNeXt model. The SNNs generated by the SIT-conversion of the EdgeNeXt model exhibit a
maximum conversion loss of 0.24%, which is still much lower than previous studies on ANN-to-SNN
conversion for Transformer models. Therefore, training the adjusted ANNs-Transformer model directly
and then applying the SIT-conversion method can address the aforementioned issue. Additionally,
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SNNs generated by SIT-conversion significantly reduce energy consumption during inference. For the
EdgeNeXt, Next-ViT, and UniFormer models selected in the experiments, the maximum reduction in
energy consumption is 45.13% (EdgeNeXt), and the minimum reduction is 18.18% (Next-ViT), greatly
reducing the energy required during model inference.

Our method amplified spiking signals through built-in trainable parameters T(t), h(t), and d(t), ac-
curately simulating the Softmax activation function with floating-point outputs, thus achieving nearly
lossless ANN-to-SNN conversion. SIT-conversion is applicable to Transformer models of different
scales. Despite achieving these exciting results, there is still considerable room for improvement. In
the future, we plan to adjust neuron structures, expand the tolerance range of the Spiking-Softmax
method, and enhance the usability of SIT-conversion.

6. Conclusions

In this paper, we addressed the inability to convert the self-attention mechanism from ANNs
to SNNs in the SNN-Transformer model. We proposed the Spiking-Softmax method, which inte-
grates Spiking Exponential Neuron (SI-exp) and Spiking Collaboration Normalized Neuron (SI-norm),
successfully resolving the mismatch between the Softmax activation function in SNN-Transformer
and the computation rules of SNNs. Building upon this, we proposed the SIT-conversion method,
which enables the conversion of Transformer architectures to SNNs, resolving the limitation of only
being able to simulate simple activation functions of Transformer models in SNNs. By optimizing the
internal parameters of SI-exp neurons with different time steps, we demonstrated that the Spiking-
Softmax method requires only 12 time steps to accurately simulate the Softmax activation function,
significantly lower than the current state-of-the-art ANN-to-SNN conversion methods for Transformer
models. Furthermore, we performed SIT-conversion on EdgeNeXt, Next-ViT, and UniFormer models
and validated the resulting SNNs on the CIFAR10, CIFAR100, and ImageNet-1K datasets. Experi-
mental results demonstrate that SNNs generated by the SIT-conversion of EdgeNeXt, Next-ViT, and
UniFormer models achieve nearly identical accuracy to their corresponding ANNs on the CIFAR10,
CIFAR100, and ImageNet-1K datasets. Additionally, the conversion loss range of SNNs generated by
SIT-conversion is between -0.05 and +0.13, with only the EdgeNeXt model achieving a conversion
loss of -0.24 on the ImageNet-1K dataset, demonstrating nearly lossless ANN-to-SNN conversion
and validating the effectiveness and generalization capability of the method. Currently, the tested
models contain a maximum of 10 layers of Transformer blocks. Furthermore, among the models
selected for experimentation, the EdgeNeXt model achieves the highest energy reduction of 44.44% to
45.13%, while the Next-ViT model achieves the least energy reduction of 18.18% to 20.09%, significantly
reducing the energy consumption required during model inference. The proposed method represents
the first complete conversion of the Softmax activation function and Transformer models in SNNs,
which will drive the development of SNN algorithms and reduce the gap between SNN models and
ANN models in practical applications.
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