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Introduction

Motivation: joint learning the structure and parameters of SNN models

Neural plasticity of the brain: 
The brain can autonomously learn the strength and structure 
of synaptic connections.
Brain networks can adaptively generate various complex 
neural network structures.

Neuromorphic computing is a novel computing technology inspired by the 
way the human brain stores and processes information.



Introduction

Related Work: unstructured pruning is not hardware friendly

Unstructured Pruning Methods

Figure 1. This method model different states of SNN 
weights, facilitating weight optimization for pruning.[1]

Figure 2. The synaptic connection pruning and 
growth procedures proceed every iteration.[2]
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Methodology--overall training algorithm

Method: The Spiking Channel Activity-based (SCA) Structure Learning Framework

Figure 3. The schematic illustration of the SCA structure learning framework.

(a) The SCA structure learning framework. (b) Network structures.



Methodology

Excitation: Membrane potential increases, termed depolarization.
Inhibition: Membrane potential decreases, termed hyperpolarization.

Channel Importance Score:

Figure 5. Excitatory postsynaptic potential (EPSP).Figure 4. Spiking Neuron Model.



Methodology

Filter Pruning: a certain proportion of convolutional kernels are pruned based on 
channel importance scores.
Selective Growth: some channels are reactivated based on the gradient magnitudes of 
the Gamma parameters in BN layers.

Figure 6. Filter pruning and selective growth.



Experiments--Performance
Results: Evaluation under different pruning ratios

Figure 7. The performance of the SCA structure learning framework.



Experiments--Structure Learning

Results: This indicates that the structural learning framework, as the network structure 
evolves, autonomously adapts to an appropriate structure.

Figure 8. Analysis of structural changes in the SCA framework.

(a) Network structures under various pruning ratios. (b) The evolution of network structure
during the training process.



Experiments--Ablation
Results:  The SCA framework’s mechanism for identifying redundant 
channels and reactivating pruned channels autonomously searches for an 
appropriate network structure.

Figure 9. Analysis of the effectiveness of the SCA structure learning framework.

(a) The accuracy of ablation experiments. (b) The parameters of ablation experiments.



Conclusion

Summary and Future Outlook:

uLightweight and high-performance SNNs can better leverage their advantages of low power 
consumption. The structured pruning methods can result in regular, sparse SNN models, 
making them more hardware-friendly.

uThe approach proposed in this paper starts from the perspective of biological plasticity, 
combining pruning and regrowth in an adaptive manner during training to explore suitable 
lightweight network structures. 

uThis is of significant value for deploying high-performance, low-memory SNNs on 
neuromorphic chips.



Thank you!


