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Spiking Neural Network Classification Model Based on Multi-subnetwork Pre-training

ZHUO Mingsong and MO Lingfei

School of Instrument Science and Engineering, Southeast University, Nanjing 210096, China
Abstract Spiking neural network (SNN) is widely regarded as the most biologically plausible model, aligning closely with the
mechanisms of the biological brain. It has garnered increasing research attention due to its event-driven nature, high energy effi-
ciency,and interpretability, However, the training methods of SNN still have some limitations due to the binary output and non-
differentiability of the spike. This paper proposes a SNN classification method based on multi-subnetwork pre-training, which
draws inspiration from the way cortical memory units store memory information through local networks. This approach leverages
sample label information to optimize the feature extraction process,employs enhanced spike-timing-dependent-plasticity learning
rules for pre-training multiple single-class feature extraction subnetworks,and conducts unsupervised feature fusion on these pre-
trained subnetworks to effectively enhance the network’s feature classification capability. Furthermore, the effectiveness of this
method is analyzed through weight visualization and t-SNE visualization tools. Finally, the classification accuracy of 97.40% and
88.81% is achieved on MNIST and Fashion MNIST datasets,respectively.

Keywords Spiking neural network, Spike-timing-dependent-plasticity . Single-class feature extraction subnetworks, Unsupervised

feature fusion,Brain-like computing
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Table 1  Classification performance of some methods on MNIST
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