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Introduction Results

O Visual cortex and deep neural network (DNN) both excel O LRCs dramatically improve natural image classification performance
In natural image perception adding a few LRC Performance in various Performance per cost
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(DNN1: Alexnet Krizhevesky et al 2012) (Two-sampled t-test : * p < 0.001 )
(IMAGENET) (DNN2: VGG Simonyan et al 2014) By adding only a small number of LRCs to the FF network, The combination of a few LRC with local convergent connections
(DNN3: Resnet He et al 2015) the performance of the network dramatically increased maximize the cost-effectiveness of connections

O Visual cortex consists of fewer layers than DNNSs,

o . O LRCs contribute particularly to encoding global structure of input image
presumably due to the limited volume of the brain P y g9 P g
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Q. What is the structure of the brain to recognize natural image
efficiently ? O LRC can be spontaneously evolved on the model network when total connection length is limited
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O LRCs are applicable to conventional deep neural network for natural image perception

Implementation of LRCs on CNN _
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Summary

O Task : Image classification

. L » The combination of LRCs and local connections dramatically enhances visual perception
- Dataset: Cifar-10 (Natural image) - Training: minimizing error of network’s

Plane Cat prediction by updating weights

w N

» LRCs contribute to image perception by integrating low-frequency global information

» LRCs can be spontaneously evolved when total connection length is limited

» LRCs can be applied to conventional DNN for cost-efficient perception of natural images
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