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Development of Active learning and
—T0 model Neural Network
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Improved learning algorithm
“Distortion-BP”
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Three layer network
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Neuro-link Network solver [W/m2]

Neuro-link Network solver [W/m?]
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Downward SW flux at the surface element of diffuse
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Deep learning

Rumelhart et. al., 1986
Error Back-propagation

Olshausen & Field, 1996
Sparse coding
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Deep network and
layerwise pretraining
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What 1s an “Artificial” Neural Network?

Nobody knows Non-Artificial Neural Network.
It's just a numerical model.



Calculation cost 1s reduced by Active learning
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This method encourages acceleration of learning.
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Summary

We develop the new learning algorithm Active
learning and NNN.

1. High speed learning (2or3 times from old version)
2. High accuracy more than old version.
3. It's applicable to more complicated calculation.
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