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Table 1 The privacy-preserving performance of private link reconstruction attack, reported as AUC (Std).

Private link reconstruction attack (AUC%)

Deezer Facebook-Page LastFM Twitter-Foursquare Phone-Email

GCC 86.19 (0.38) 92.02 (0.21) 88.70 (0.09) 72.28 (0.51) 82.32 (0.23)
GAL-W 69.29 (0.29) 72.12 (0.08) 74.49 (0.24) 64.24 (0.27) 70.06 (0.64)
GAL-TV 71.52 (0.25) 75.83 (0.26) 78.28 (0.23) 65.02 (0.31) 71.67 (0.24)
EdgeRand 83.05 (0.62) 85.29 (0.58) 87.45 (0.40) 69.15 (0.21) 78.90 (0.22)
LapGraph 83.75 (0.08) 85.90 (0.19) 86.83 (0.30) 69.33 (0.15) 79.47 (0.39)
Ours 82.35 (0.17) 83.80 (0.15) 83.55 (0.11) 68.82 (0.24) 74.87 (0.37)

Table 2 The generalizability performance of downstream tasks on node classification and link prediction,

reported as Micro F1 (Std).

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

Deezer Facebook-Page LastFM Deezer Facebook-Page LastFM Twitter-Foursquare Phone-Email

GCC 56.14 (0.35) 49.26 (0.14) 23.62 (0.35) 78.24 (0.69) 78.85 (0.59) 88.30 (0.45) 82.32 (0.23) 87.80 (0.29)
GAL-W 37.29 (0.16) 40.85 (0.10) 11.83 (0.06) 67.41 (0.53) 70.87 (0.64) 75.73 (0.51) 68.75 (0.20) 76.36 (0.20)
GAL-TV 37.53 (0.60) 42.96 (0.06) 13.15 (0.37) 69.59 (0.38) 70.92 (0.33) 76.91 (0.36) 69.50 (0.42) 77.40 (0.22)
EdgeRand 55.28 (0.31) 48.53 (0.16) 23.22 (0.26) 77.42 (0.29) 79.67 (0.61) 88.88 (0.69) 82.53 (0.38) 88.05 (0.74)
LapGraph 55.78 (0.38) 49.06 (0.13) 22.91 (0.53) 78.96 (0.51) 79.56 (0.75) 88.09 (0.25) 83.10 (0.35) 87.34 (0.59)
Ours 56.05 (0.18) 49.62 (0.19) 23.57 (0.30) 78.77 (0.54) 78.05 (0.51) 89.30 (0.24) 83.39 (0.24) 88.41 (0.22)

5.2. Experimental Results

Privacy-preserving performance. Table 1 shows the privacy-preserving capability of different
methods. Among all the baselines, EdgeRand, LadGraph, and GCC are three models empowered
with generalizability. Compared with them, we can see that our model achieves the best privacy-
preserving capability, which indicates our superiority in protecting private information in the
training graph. The privacy-preserving performance of our model is attributed to the carefully-
designed privacy-preserving graph data augmentation, which utilizes various heuristic metrics to
estimate the private links with a high possibility of privacy leakage. Note that though GAL-W and
GAL-TV achieve privacy-preserving capability, they can not serve the pre-training model in model
sharing strategy due to their extremely limited generalizability performance (c.f., Table 2).

Model generalizability performance. Table 2 shows the generalizability of each method on
downstream tasks of node classification and link prediction. The results indicate that the privacy-
preserving capability of our model is obtained without sacrificing generalizability and, in some
cases, even slightly enhances it. Compared with the graph pre-training model without privacy
protection (i.e., GCC), our model achieves almost the same generalizability results but well preserves
the privacy. We also find that LapGraph and EdgeRand achieve strong generalizability but poor
privacy protection capability. The potential reason might be that both methods add noise to the
adjacency matrix of the training graph, thus improving generalizability. However, the random noise
is not sufficient to preserve privacy because it fails to effectively remove the private links that have
a high possibility of leakage.
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