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Table D3 Ablation studies.

Private link reconstruction attack (AUC%) # Downstream performance on node classification (Micro F1%) "
Model Deezer Facebook-Page LastFM DBLP Amazon Twitter Deezer Facebook-Page LastFM DBLP Amazon Twitter

Ours 82.35 83.80 83.55 69.92 72.77 67.58 56.05 49.62 23.57 25.93 40.98 65.37
Ours w/o ?

keep
GH

79.37 81.29 80.39 66.73 69.84 66.02 53.39 47.95 20.89 23.75 39.28 63.29
Ours w/o ?

del
GH

86.79 86.26 89.47 76.92 79.15 73.95 56.74 49.98 23.69 26.35 41.26 65.98
Ours w/o ?(·) 87.95 87.70 88.82 77.49 80.41 74.38 57.32 50.25 23.62 26.08 41.54 66.15
Ours w/o general 82.04 83.46 84.04 70.33 72.54 68.29 55.40 48.90 23.45 25.29 40.72 65.12

design of the privacy-preserving operator effectively enhances the trade-off. (4) The generalizability

learning enhances generalizability without compromising its privacy-preserving capabilities. This

underscores that our design of generalizability learning can achieve a superior trade-off.

Training time comparison. We further report the training time comparison between our model

and the baselines on the Deezer dataset. The training time of GCC, GAL-W, GAL-TV, EdgeRand,

LapGraph and our method are 3.65, 591.25, 477.81, 14.39, 18.72 and 5.79 seconds per epoch. We

can seethat the training time of our model is significantly shorter than that of most other baselines.

The only exception is the GCC, a graph pre-training method without privacy preservation; however,

whereas it can be trained with the shortest time, it consistently exhibits the poorest privacy-

preserving performance (refer to Table 1 in the main text). Adversarial training methods GAL-W

and GAL-TV are heavily constrained by the substantial computational costs during model training

due to the iterative and interactive training processes. Considering both training time and model

performance, our model exhibits a compelling advantage in achieving a favorable balance between

privacy preservation and model generalizability, all while maintaining low computational costs.

We also note that the time complexity of benchmarks EdgeRand and LapGraph (Wu et al. 2022)

consist of two components: (1) DP mechanism, whose time complexity is$ ( |+train |2), where |+train |
is the number of nodes in ⌧ train. (2) GNN encoder, which is GCN (Kipf and Welling 2017) with

time complexity of $ ( |⇢train |), where |⇢train | is the number of edges in ⌧ train. Consequently, the

overall time complexity of EdgeRand and LapGraph is $ ( |+train |2 + |⇢train |). This indicates that

these methods are less scalable to large-scale training graphs due to their dependency on the number

of nodes and edges in the training graph. Additionally, the benchmarks GAL-W and GAL-TV

(Liao et al. 2021), which utilize adversarial training methods, significantly increase the runtime

compared to their non-adversarial counterparts (Wong et al. 2020). Our experimental results for

training time comparison also show that GAL-W and GAL-TV require approximately 102 and 83

times the training time of our model, respectively. Moreover, they utilize GCN (Kipf and Welling

2017) as the GNN encoder, whose time complexity is $ ( |⇢train |). This further underscores their

lack of scalability to large-scale training graph.

Page 31 of 35

https://pubsonline.informs.org/journal/ijoc


