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Algorithm 1 Differentially Private Model Explanations[22]
Input: Pol z € R”, explanation dataset X', black-box model f, loss function £, privacy budget

(€,0), the number of gradient descent iterations T, learning rate function 7(t) € Rt

Output: explanation vector ¢! after T steps

1: Set the parameter for the Gaussian mechanism o < n}be\/ 16T log <e + \/? e> log%

2: Initialize ¢° with an arbitrary vector in C

3: return DPGD-Explain(¢°, o, T)

5: procedure DPGD-EXPLAIN(z, X, f, £, ¢°,0,T)
6: forte€0,...,7—1do

7: gt «— d)t—??(t) (VE(¢t7Z7X7f)+N(O7U2I))
8: ¢! arg min ¢ — &
¢peC
9: end for
10: return ¢’

11: end procedure
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Algorithm 2 000000000000 OOOOOOOO [15]

Input: Black-box model f, auxiliary dataset Xy, learning rate «, target Shapley vector s

Output: Estimated private input features x
1 Sque — O(Xauas f)
2: 6y <+ N(0,1)
3: for each epoch do
4: for each batch do

5: loss <0

6: B < randomly select a batch of samples
7: for je1,...,|B| do

8: (Raua) ) = P((Sauz)P; )

9: loss < loss + L((f{auz)(j), (xaux)(j))
10: end for

11: 0, < 0y — aVy,loss

12: end for

13: end for

14: X 1/)(8; 9¢)

15: return X
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