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1 BACKGROUND

Back Propagation of Training CNN
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Asynchronous SGD
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Training of CNN by Synthetic Gradient
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Minimizing the synthetic input/gradient simultaneously with the general loss
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4-1 ONE POSSIBLE ARCHITECTURE
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4-1 INFRASTRUCTURE - BASIC
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4-2 INFRASTRUCTURE - LIGHT
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* Synthetic gradient and synthetic input as a new alternative of batch
normalization / Dropput

* Mand | auxiliary network introduces noises in the input/gradient of each layer

exact update is required!






