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Generalization Error Analysis of Stochastic Gradient Descent on

Classification Problems under Low Noise Condition
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Algorithm 1 SGD on RKHS

1: initialize g1 € H

2: fort=1,...,7T do

3: sample (x4, Y1) ~ p

4 gir1 < g — 0 (V(ge(ze), ye) (e, ) + Age)
5: end for

6

: return gp g =

Et 1 etgt

3.2 Random Feature [6]
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