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[ Abstract] Spiking neural network uses temporal coding for data processing,which is an effective tool for complex spatial
and temporal information processing. In view of this,this paper applies multiple sequence composite kernel into the spiking
sequence processing and proposes an online supervised learning algorithm. It uses accumulation and cumulative mechanisms
for supervised learning and makes an experiment compared with online PSD algorithm based on single kernel. Experimental
results show the better performance of the proposed algorithm. Especially in the performance of larger data sample,it can
maintain this excellent performance more significantly. The results also show that the combination of multiple kernel
functions can get more stable and efficient spiking sequence composite kernel representation.
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