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Algorithm 1. Model-based double-RR

Given: Noise level 1€ [0,1]; feature distribution

Py, for each label y € Y.

Input: Labeled example (z,y).

Output: Noisy labeled example (z, y).

1 if with probability 1— 4 then

2 Let y=y.

3 else

4 Draw y uniformly at random from Y.

5 end if

6 if with probability 1— A then

7 Let 2= z.

38 else

9 Draw y’ uniformly at random from Y.

10 Draw z wusing knn(k-nearest neighbor)
algorithm from distribution Py, .

11 end if

12 return (z,y)
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