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2.2 Generalized Randomized Response(GRR)
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Algorithm 1 GRR-User
1: Input: User’s selected value v from d possible values,

domain size d, privacy budget e
2: Output: Privacy-protected value y using GRR
3: Encode v: Setx =v

4: Perturb x:

y= * W/pp= eff:l—l’
x"e[d]\{x} whpg= ﬁ.

Algorithm 2 GRR-Aggregator
1: Input: Reported values from users {yi, y2,...

s Yn}s
domain size d, privacy budget €
2: Output: Maximum likelihood estimate L] f;] for each
value i € [d]
€ 1
3 P < wamr 4 < eeraT
4: Initialize: f/ « 0 Vi € [d]
5: for each user j = 1ton do
6: fy’j — fy’j +1
7: end for
8: fori=1toddo
fi(d-1)-n(1-p)
9:  L[fi] « —T
10: end for
11: Return {L[f;] |i € [d]}
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2.3 Optimized Unary Encoding(OUE)
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Algorithm 3 OUE-User
1: Input: User’s private value v from domain [d], do-

main size d, privacy budget €

2: Output: Perturbed binary vector B’

3: Encode v: Generate a length-d binary vector B such
that B[v] =1 and B[i] =0 fori # v

4: Perturb B:

5: for each bit B[{] in B do

6: IfB[i] = 1,setB'[i] =1wpp = %, otherwise

B'[i]=0

7. IfB[i] =0,set B'[i] =1w/pg = ﬁ, otherwise
B'[i]=0

8: end for

9: Return B’

Algorithm 4 OUE-Aggregator

1: Input: Reported binary vectors from users
{B},B),...,B;}, domain size d, privacy budget
€

2: Qutput: Maximum likelihood estimate L[ f;] for each
value i € [d]

3P 5.4 < g

4: Initialize: f/ « 0Vi € [d]

5: for each user j = 1 ton do

6: fori=1toddo

7: fie=f+ Bf]. [7]
end for
9: end for

10: fori =1to d do
1: L[fi] « %
12: end for

13: Return {L[f;] |i € [d]}
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