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Problem Setup
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Mechanism: Mem and Gen are Seperable in the Frequency Domain
The learned generalization algorithm Seperating memorization and generalization
If using ¢() — x2- ]Ic:requency filtration (FF) method: each neuron retains only one
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Figure 7. (Left) Illustration of a neuron’s parameters S 25 25— A under 80% noise ratio!
(Winy Uy, Wiy ). (Right) Visualization of a neuron from a ReLU 5 ~ W AL
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Not Seperable in Structure: Pruning Does Not Seperate Mem and Gen Thoroughly

Comparison of methods for generalization improvement
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Noise is distributedly memorized in the NN.
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