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Table D1 The privacy-preserving performance of private link reconstruction attack, reported as AUC (Std).

Model Private link reconstruction attack (AUC%)

DBLP Amazon Twitter

GCC 75.99 (0.42) 78.73 (0.19) 72.79 (0.22)
GAL-W 65.67 (0.08) 68.80 (0.43) 65.17 (0.64)
GAL-TV 68.32 (0.17) 71.03 (0.40) 66.39 (0.61)
EdgeRand 73.82 (0.20) 76.32 (0.12) 71.15 (0.27)
LapGraph 72.55 (0.15) 75.56 (0.59) 70.23 (0.19)
Ours 69.92 (0.19) 72.77 (0.43) 67.58 (0.29)

Table D2 Generalizability performance on node classification and link prediction, reported as Micro F1 (Std).

Model Node classification (Micro F1%) Link prediction (Micro F1%)

DBLP Amazon Twitter DBLP Amazon Twitter

GCC 25.84 (0.20) 40.76 (0.29) 66.01 (0.31) 87.37 (0.26) 85.89 (0.44) 74.53 (0.41)
GAL-W 14.16 (0.09) 33.37 (0.28) 55.87 (0.47) 73.78 (0.48) 70.77 (0.27) 64.72 (0.26)
GAL-TV 16.84 (0.39) 36.28 (0.12) 57.21 (0.63) 74.41 (0.35) 73.15 (0.74) 64.11 (0.25)
EdgeRand 24.57 (0.31) 40.52 (0.41) 64.54 (0.46) 86.88 (0.69) 86.09 (0.55) 74.37 (0.44)
LapGraph 25.06 (0.64) 39.86 (0.50) 64.30 (0.40) 87.18 (0.85) 86.82 (0.56) 75.02 (0.73)
Ours 25.93 (0.40) 40.98 (0.31) 65.37 (0.15) 87.43 (0.41) 87.21 (0.41) 75.40 (0.30)

Experiments on cross-relation and cross-time scenarios. Table D1 and Table D2 show the

capabilities of various methods in terms of privacy preservation and generalizability across cross-

relation and cross-time scenarios. While methods like EdgeRand, LadGraph, and GCC show good

generalizability, they lack in privacy preservation. Conversely, GAL-W and GAL-TV, despite their

privacy-preserving attributes, fall short on generalizability, limiting their use in model-sharing

contexts. Our model strikes a better balance between generalizability and privacy preservation.

Ablation studies. We conduct ablation studies to show the effectiveness of each component in

our privacy-preserving operator and the generalizability learning. Specifically, we conduct ablation

studies comparing the performance of our model, our model excluding generalizability score in the

privacy-preserving operator (denoted as Ours w/o ?
keep
GH

), our model that replaces selective removal

of edges based on ?
del
GH

with random edge removal in the privacy-preserving operator (denoted as

Ours w/o ?
del
GH

), our model entirely without the privacy-preserving operator (denoted as Ours w/o

?(·)), and the one without the generalizability learning (denoted as Ours w/o general). The results

in Table D3 show that: (1) Our model without considering ?
keep
GH

would enhance privacy but at

a significant cost to generalizability. This underscores the critical need for including ?
keep
GH

in the

design. (2) Removing ?
del
GH

substantially compromises the model’s privacy-preserving capabilities,

which demonstrates the necessity of including ?
del
GH

in the design. (3) Comparing our model to the one

without the privacy-preserving operator (Ours w/o ?(·)), it is evident that the operator significantly

boosts privacy protection without detrimentally affecting generalizability. This demonstrates that the
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