Biologically plausible heavy-tailed connectivity enhances
generalizations on cognitive tasks in recurrent neural networks
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Problem 2 Heavy-tailed connectivity improves generalization 3 Heavy-tailed connectivity induces low-dimensional dynamics through
effective low-rank structure

To assess the influence of heavy-tailed connectivity on generalization, we compared the perfor-
mance of RNNs trained with heavy-tailed connectivity on CSG and MWG tasks, with that of four

While heavy-tailed synaptic weight distributions are pervasive in biological neural networks, their
computational role—particularly in relation to generalization—remains poorly understood.
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h) Weight distributions of excitatory and inhibitory units and the corresponding Quantile-Quantile plots for the insets.

Email: zjmo@nwpu.edu.cn and zhoushanglin@fudan.edu.cn



mailto:john.doe@example.com
mailto:john.doe@example.com

