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Abstract: Spiking neural networks (SNN) are drawing extensive attention in the disciplines of computational
simulation and artificial intelligence for their biological plausibility and computational efficiency. In this paper, we

analyze the historical development of SNN and conclude that these two mentioned disciplines are intersecting and
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merging rapidly. Looking back on history, after the successful application of Dynamic Vision Sensors (DVS) and
Dynamic Audio Sensors (DAS), SNNs have found some proper paradigms, such as continuous visual signal tracking,
automatic speech recognition, and reinforcement learning of continuous controlling, which have supported their key
features extensively including but not limited to, the spiking encoding, neuronal heterogeneity, specific functional
circuits, and multiscale plasticity. Compared to these real-world paradigms, the brain contains a spiking version of
the biology-world paradigm, which exhibits a similar complexity and is usually considered a mirror of the real world.
Then looking forward to the future, with the rapid development of the invasive and parallel brain-computer-
interface (BCI), the new BCl-based paradigm, including online pattern recognition and stimulus control of biological
spike trains, is natural for SNN to exhibit their key advantages of energy efficiency, robustness, and flexibility. The
biological brain has inspired the present study of SNNs, and the effective SNN machine-learning algorithm can
further spur neuroscience discovery in the brain by applying them back to the new BCI paradigm. Such two-way
interactions with positive feedback can accelerate brain science research and brain-inspired intelligence technology.

Key words: Spiking Neural Network; Brain-inspired Intelligence; Brain-Computer Interface; Experimental paradigm.
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