
MOTIVATION

METHODS

uWe introduce a pioneering two-stage dynamic structure learning 
framework for deep SNNs that utilizes the PQ index to gauge 
and dynamically adjust structure of sparse subnetworks 
according to compressibility. This novel approach tailors the 
rewiring ratio throughout the training process, providing a fine-
tuned, adaptive mechanism that enhances the foundational 
training dynamics of deep sparse SNNs. 
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METHOD

Motivation:
• Spiking neural networks (SNNs) have exhibited more complex spatiotemporal dynamics in comparison to ANNs, and have the 

potential to implement the next generation of machine intelligence with low power consumption by combining with neuromorphic 
hardware.  In this paper, we explore how to implement adaptive pruning of SNNs from the View of Compression Efficiency.

• In biological systems, rewiring process forms flexible network structure and promotes synaptic sparsity contributing to the brain’s 
low power consumption. Therefore, emulating the brain’s structural synaptic plasticity through a dynamic structure learning 
approach could be key to developing more flexible deep SNN models.  Therefore, in this paper, we explore optimizing the 
pruning ratio from a neural network compression perspective as explored in machine learning, where data compression theory 
helps quantify the compressibility of a sub-network during each connection updating iteration, thereby avoiding under or over-
prunin

RESULTS

CONCLUSION

• To summarize, this study has introduced a novel two-stage dynamic structure learning method tailored for SNNs that effectively 
addresses the challenges of fixed pruning ratios and the limitations of static sparse training methods prevalent in current models.

• The experimental results validate that the proposed dynamic structure learning greatly improves the compression efficiency of 
SNNs. Additionally, it either matches or exceeds the performance benchmarks set by current models in certain circumstances. 

uOur methodology extends traditional sparse training approaches for SNNs by implementing a continuous, iterative learning process 
across two stages. In the first stage, the PQ index informs the adjustment of synaptic connection rewiring ratios. In the second stage, 
these ratios guide a dynamic rewiring strategy that includes both the pruning and regrowth of connections. Thus the methodology 
optimizes the SNNs' structural efficiency and operational effectiveness far beyond conventional static pruning techniques.


