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Motivation

• SNNs are brain-inspired models

• Offer a potential energy efficiency 

advantage on neuromorphic hardware

• An alternative to traditional ANNs

• Major limitations of SNNs:

• Lower accuracy compared to ANNs

• Gradient approximation error exists

• Training cost is linear with the time 

dimension
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Key Innovation

• Approach: 

• Auxiliary module mitigates gradient error

• Propose the concept of label reliability

• Decouple label reliability to boost distillation efficiency

• Empirical Results:

• Show outstanding performance on standard datasets.

• The self-distillation framework boasts superior scalability.
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Framework Overview

4

• Rate-based 
backpropagation

• Auxiliary module 
corrects accuracy

• Teacher labels 
Decoupling and 
integration



Design of the auxiliary module

• Depthwise separable convolution: 

• Depthwise Convolution

• Extract spatial local features per channel.

• Reduce parameters/computational cost, focus on spatial 

dimension.

• Pointwise Convolution

• Fuse cross-channel features, adjust output channels.

• Keep feature map size, optimize channel dimension only.
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Alleviate the Gradient Error Problem

• Baseline: 

• Correct gradient：
𝜕𝑦𝑐

𝜕𝜃
= 𝐺,

• True gradient from RateBP approximation：𝑅
𝜕𝑦𝑐

𝜕𝜃
= 𝐺 + 𝛿 ,

• Error ratio： 𝐾𝑟𝑎𝑡𝑒 =
𝛿

𝐺
.

• Our Work: 

• We define the total loss as：𝐿𝑡𝑜𝑡𝑎𝑙 = 𝛼 ⋅ 𝐿1 + 𝐿𝑐 ,

• Our gradient ：
𝜕𝐿𝑡𝑜𝑡𝑎𝑙

𝜕𝜃
=

𝜕𝐿𝑐

𝜕𝑦𝑐
⋅ 𝐺 + 𝛼 ⋅ 𝑆 ，

• Auxiliary gradient cuts error ratio： 𝐾𝑒𝑠𝑑 =
𝛿

𝐺+𝛼⋅𝑆
≤

𝛿

𝐺
= 𝐾𝑟𝑎𝑡𝑒.
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Design of Self-Distillation Loss
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• Filter incorrectly predicted labels

𝑦teacher =
σ𝑙=1
𝐿 𝑝𝑙 ⋅ 𝕀 argmax𝑝𝑙 = argmax𝑦

σ𝑙=1
𝐿 𝕀 argmax𝑝𝑙 = argmax𝑦 + 𝜖

• Hard loss against the ground truth

𝐿𝑐𝑒 =෍

𝑙=1

𝐿

−෍

𝑐=1

𝐶

𝑦 𝑐 log 𝑝𝑙
𝑐

• Total loss function

𝐿𝑒𝑠𝑑

=෍

𝑙=1

𝐿

෍

𝑐=1

𝐶

𝑝teacher
𝑐

log
𝑝teacher

𝑐

𝑝𝑖
𝑐

⋅ 𝕀 ෍

𝑐=1

𝐶

𝑝teacher
𝑐

≠ 0 + 𝜂 ⋅ ℛ𝑙 ⋅ 𝕀 ෍

𝑐=1

𝐶

𝑝teacher
𝑐

= 0



Results--Performance Comp. on Benchmarks

Results on CIFAR-10, CIFAR-100, and ImageNet Datasets

• Performance:
• Excellent performance on standard 

datasets

• Our self-distillation framework is also 

applicable to BPTT
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Results on DVS-CIFAR-10



Temporal Step Scalability and Firing Rate
• Achieves constant training overhead. 

• 𝑇 increases, the accuracy continues to improve.
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• Lower spike firing rate. 



Conclusion

• Problem Addressed: Training Costs and Performance Issues in SNN

• Proposed Method: Enhanced Self-Distillation Framework for Efficient 

SNNs Training

• An auxiliary module is introduced to mitigate gradient errors. 

• A reliability-decoupled self-distillation strategy is proposed.

• Provides both theoretical analysis and empirical experiments 

• Experimental Results:

• A constant training cost is achieved. 

• Achieves a breakthrough in accuracy compare with standard self-distillation. 

• Could extend to ANNs and BPTT.
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