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Abstract Spiking Neural Network (SNN) is considered the third-generation of Artificial Neural Networks
(ANNSs), containing neurons with sequential dynamics, synapses with plastic stability, and circuits with specific
cognitive functions. SNN is biologically-plausible, and might generally be tuned with the integration of
local-scale unsupervised learning and global-scale weak supervised learning; hence, it is powerful on non-linear
computation, asynchronously event-based information processing and self-learning. This paper will introduce
two main classes of SNNs: one is proposed for a better understanding of the biological system; the other is
constructed for efficient computation. We introduced an alternative tuning effort of SNN from the perspectives of
multi-scale plasticity principles, by integrating the plasticity principles from the natural neural networks and the
fine-tuning strategies from the current ANNSs. These integrative principles would lead SNNs towards cognitive
computation and give inspirations back to the new research findings in the natural neural networks. We think the
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goal of SNN is not working as a biological version of ANN candidate, but construct a solid theoretical
foundation for the next-generation artificial intelligence models with characteristics of cognitive computation by
integrating breakthroughs in multi-scale plasticity principles. This effort might improve SNNs towards the more
robust adaptability, smaller energy cost, and faster learning convergence.

Key words Spiking Neural Network; Artificial Neural Network; Brain-inspired Intelligence;
Multi-scale Plasticity Principles; Cognitive Computation.
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Background

This paper reviewed some traditional and state-of-the-art tuning
methods in the research area of Spiking Neural Network (SNN). The
research of SNN covered disciplines such as biology, computational
neuroscience, artificial neural network (Al), and optimization theory. SNN
is biologically plausible and considered as the computationally biological
effort towards the next-generation human-level Al model. We think the
multi-scale plasticity principles founded in the natural neural networks may
cooperate well with each other during unsupervised learning and integrate
well with other tuning methods in the supervised learning of SNNs. The
successful training of SNN will give us hints or inspirations for a smarter Al
model with more robust adaptability, smaller energy cost, and faster learning
convergence. This research is supported by the National Natural Science
Foundation of China (61806195), the Strategic Priority Research Program of
the Chinese Academy of Sciences (XDBS01070000), and the Beijing Brain

Science Project (Z181100001518006).



