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摘要：
1.SNN有诸多优势
2.构建SNN的两种方法，各有利弊（主说Conversion弊端）

 Transformer Conversion的挑战：
非线性层/模块的存在

3.本文提出的方法1：Expectation Compensation Module
用前T个时间步计算第T个时间的期望输出

4.本文提出的方法2：Multi-Threshold Neuron
5.本文提出的方法3：Parallel Parameter Normalization
效果：减少SNN推理延迟和能耗
6.实验结果……
7. ?



Introduction

Para.1
1. What is SNN?
2. Spike-based neuron dynamics: Sparse
3. SNN is hard to train. 

Para.2
Training Strategies: 
1. Direct training: surrogate gradient or STDP
2. ANN2SNN: similarity between ANN ReLU(·) and firing rate; More timesteps, More Precision

Para.3
Transformers are powerful, but no previous ANN2SNN works on such model.
 LayerNorm & GELU require interaction between neurons in the same layer.
 Hard to apply piecewise quantization of individual neurons ?
 Non-linear characteristics

Ideally, layerwise
neurons are I.I.D maybe?



Introduction

Para.4
New Methods: 
1.Expectation Compensation Module(ECM):

Non-linear 
module

ECM New 
module

Matrix product Pure Accumulation

2.Multi-Threshold Neurons & Parallel Parameter normalization:

Para.5
Summary of Contributions: 

Irrelevant?



Related Works

Sec.1: ANN-SNN Conversion

2015 Spiking Deep Convolutional Neural Networks for Energy-Efficient Object Recognition.

2015 Fast-Classifying, High-Accuracy Spiking Deep Networks Through Weight and Threshold 
Balancing

2017 Conversion of Continuous-Valued Deep Networks to Efficient Event-Driven Networks for 
Image Classification 

2020 RMP-SNN: Residual Membrane Potential Neuron for Enabling Deeper High-Accuracy 
and Low-Latency Spiking Neural Network

2019 Going Deeper in Spiking Neural Networks: VGG and Residual Architectures

2023 Low Latency and Sparse Computing Spiking Neural Networks With Self-Driven 
Adaptive Threshold Plasticity

I. Optimizing thresholds



Related Works

Sec.1: ANN-SNN Conversion

2022 Optimized Potential Initialization for Low-latency Spiking Neural Networks

II. Optimizing membrane potentials

2023 Reducing ANN-SNN Conversion Error through Residual Membrane Potential

III. Optimizing pre-conversion ANN structure

2021 TCL: an ANN-to-SNN Conversion with Trainable Clipping Layers

2021 Optimal ANN-SNN Conversion for Fast and Accurate Inference in Deep Spiking Neural Networks

2022 Optimal ANN-SNN Conversion for High-accuracy and Ultra-low-latency Spiking Neural Networks

2023 Symmetric-threshold ReLU for Fast and Nearly Lossless ANN-SNN Conversion



Related Works

Sec.1: ANN-SNN Conversion

2023 A Unified Optimization Framework of ANN-SNN Conversion: 
Towards Optimal Mapping from Activation Values to Firing Rates

III. Optimizing pre-conversion ANN structure

2023  A New ANN-SNN Conversion Method with High Accuracy, Low 
Latency and Good Robustness

IV. Optimizing spiking neuronal models

2022 Efficient and Accurate Conversion of Spiking 
Neural Network with Burst Spikes

2022 Signed Neuron with Memory: Towards Simple, 
Accurate and High-Efficient ANN-SNNConversion



Related Works

Sec.1: ANN-SNN Conversion
IV. Optimizing spiking neuronal models

2022 Quantization Framework for Fast Spiking Neural Networks

V. Others:

2024 Spatio-Temporal Approximation: A Training-Free SNN 
Conversion for Transformers

Sec.2: Direct Training for Transformer



Preliminaries
Sec.1: Theories of ANN-SNN Conversion

ANN Neuron:

IF Neuron:

reset-by-subtraction

Recurrent IF Neuron: 

Recurrent IF Neuron 
summed through T: 

……



Preliminaries
Sec.1: Theories of ANN-SNN Conversion

Recurrent IF Neuron 
summed through T: 

Parameter normalization

Access all weights
Sum of weights(ignore neg. value)

Update max_pos_input

Modifying Equation(9) and setting     to 1 is equivalent to adjusting the firing threshold on the soft-reset neuron to



Methods
Sec.1 Error Analysis of Nonlinear Module in ANN-SNN Conversion

GeLU Softmax LN Attention
matrix 

product?

assume that the outputs of layer in both ANNs and SNNs are identical,

Compare the outputs of layer 

An arbitrary non-linear module                 in ANN

The same arbitrary non-linear module                 in counterpart SNN

Average output (0-T): 

output in ANN: 



Methods
Sec.2  Expectation Compensation Module

General Expectation Compensation Module.



Methods
Sec.2  Expectation Compensation Module



Methods
Sec.2  Expectation Compensation Module

Expectation Compensation Module for Matrix Product.

approximate the value of 
ANNs using the mean value for 
the first T times in SNNs,



Methods
Sec.2  Expectation Compensation Module

Expectation Compensation Module for Matrix Product.

are the firing rate of 𝐴(𝑇 ) and 𝐵(𝑇 )



Methods
Sec.2  Expectation Compensation Module

Multi-Threshold Neuron

If we only use the Expectation Compensation Module, 
neuron communication will remain in a floating-point 
format.

Introduce spiking neurons before each linear layer 
and matrix product layer.

Traditional SNN neurons takes several timesteps to 
generate at most one spike.  Latency and power 
consumption

输入电流

膜电位更新

脉冲输出

脉冲输出
的总和

膜电位重
置

Base threshold



Methods
Sec.2  Expectation Compensation Module

Multi-Threshold Neuron

正阈值部分

负阈值部分

未跨越阈值



Methods
Sec.2  Expectation Compensation Module

Parallel Parameter normalization for MT Neuron

extends the ANN weight to 2n weights in the SNN 
corresponding to 2n thresholds of MT neurons



Experiments


