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Abstract: Spiking neuron is a novel artificial neuron model. The purposesof its supervised leaming is to stimulate the
neuron by learning to generate a series of spike sequences for expressing speéifi¢ $formation through precise time coding, so it
is called spike sequence learning. Because the spike sequence learning {0p Single neuron has the characteristics of significant
application value, various theoretical foundations and many ififluentidlfactors, the existing spike sequence learning methods
were reviewed and contrasted. Firstly, the basic concepts of\spiking neuron models and spike sequence learning were
introduced. Then, the typical learning methods of spike Sequence learning were introduced in detail, the theoretical basis and
synaptic weight adjustment way of each method¢weré! pointed out. Finally, the performance of these learning methods was
compared through experiments, the characteristics of each method was systematically summarized, the current research
situation of spike sequence learning was discussed, and the future direction of development was pointed out. The research
results are helpful for the comprehensive application of spike sequence learning methods.
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Fig. 2 Learning results when the length of spike sequence is 1600 ms
and the desired output excitation rate is 100 Hz
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and the desired output excitation rate is 180 Hz
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Tab. 2 Comparison of different spike sequence learning methods
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