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Research on the self-organization mechanisms
of visual perceptual learning
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Abstract: Based on Hebb learning rule and lateral interaction,a neuralnetwork with the function of
perceptual learning was developed. For example, the process of Chinese characters learning was
simulated, which shows the transition of perceptual mode from global perception to local percep-
tion. The transition of perceptual mode is based on the structural changes of the network weights,
1. e. the weights change from the random distribution to the block distribution. Lateral interaction in
local range is the core mechanism that leads to the formation of global order.
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Fig.1 Network structure of perceptual learning model
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Fig.2 Initial weights from input layer to middle layer

is assumed as normalized random distribution
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Fig.3 One Chinese character is used to train the model,
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and the weights and outputs are displayed
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Fig.4 A group of Chinese characters with the same

structure are used to train the network,

and the local feature can be extracted
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Fig.5 Weight evolves with time before and after

the damage of neural connections
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