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Algorithm 1: EDP

Input: M: the social network information in Text format; m: the
published dataset dimension which is power of 2
Output: G € R™™: published dataset

1. Function [G]= EDP(M, m)

2. Convert the input text M intoT € R™",

representation.

3. Increase the length of each record r € T by adding (i — n)
zero values to the end of record r, where 7 is the smallest
power 2 value greater than or equal ton. Consider the
resulting value is G € R™™,
foreach record r € G do
for | = log(nt) downto 'log(m) + 1’

Apply the Haar wavelet transform on the approximation

coefficients of record r in the level 'l' to obtain the

approximation coefficients of the level 'l — 1'.

7. Add the resulting approximation coefficients to the
matrix G; € R™™,

8. Construct a n X m noise matrix N, where each element of

N has been drawn from the Laplace distribution with mean
1

ex2(log(®)—log(m))

a matrix

oo

zero and magnitude A =

9. Construct G = Gy + N.
10. Publish G.
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Algorithm 4 (RMA): A= Publish (A, m, 6?)

Input : (1) symmetric adjacency matrix A € R™"
(2) the number of random projections m <n
(3) variance for random noise o2
Output : 4
1. Compute a random projection matrix P, with
pij ~ N(O, 1/m)
2. Compute a random perturbation matrix Q, with
Qi ~ N(O, %)
3. Compute the projected matrix A, = A.P
4.  Compute the randomly perturbed
A=A, +Q
[41 RMA o )61y S

Lgs oo adss slmosls g adgl sloosls sanaies sly
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o (Y JS—— &) Spectral Clustering (SC)
(f JsC&) Differential Private Spectral Clustering (DPSC)
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Algorithm 2: Spectral Clustering

Input : (1) Adjacency Matrix G € R™™
(2) Number of clusters k
Output : clusters Cy, ..., Cy,
1. Compute first k eigenvectors uy, ..., u, of G
2. Get matrix U € R™X where ith column of U is U,
3. Obtain cluster by applying k-means clustering on
matrix U
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Algorithm 3: Differential Private Spectral Clustering (DPSC)

Input: (1) Published matrix G' € R™™
(2) number of clusters k
Output: Clusters Cy, ..., Cy,
1. Compute first k eigenvectors u, ..., uy of G
2. Get matrix U € R™X where ith column of U is Uy
3. Obtain cluster by applying k-means clustering on matrix
U
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