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(a) Supervised GSL paradigm.
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(b) Our proposed unsupervised GSL paradigm.

Figure 1: Concept maps of (a) the existing supervised GSL
paradigm and (b) our proposed unsupervised GSL paradigm.
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Figure 2: The overall pipeline of SUBLIME. In the graph structure learmng module the graph learner p,, generates the sketched
adjacency matrix S, and then the post processor g converts S into the learned structure S. After that, the structure bootstrapping
contrastive learning module optimizes S by maximizing the agreement between the learner view and anchor view.
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Figure 2: The overall pipeline of SUBLIME. In the graph structure learning module, the graph learner p., generates the sketched
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Figure 2: The overall pipeline of SUBLIME. In the graph structure learning module, the graph learner p,, generates the sketched Gsym |\ Gact 2 :

adjacency matrix S, and then the post processor g converts S into the learned structure S. After that, the structure bootstrapping
contrastive learning module optimizes S by maximizing the agreement between the learner view and anchor view.
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Figure 2: The overall pipeline of SUBLIME. In the graph structure learning module, the graph learner p,, generates the sketched Qi = (T:-;d (S)’ ?}m (X) )’ gﬂ = (T:-;d (Aa)" q}‘m (X) )’ ( 11)
adjacency matrix S, and then the post processor g converts S into the learned structure S. After that, the structure bootstrapping
contrastive learning module optimizes S by maximizing the agreement between the learner view and anchor view.
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Figure 2: The overall pipeline of SUBLIME. In the graph structure learning module, the graph learner p,, generates the sketched )
adjacency matrix S, and then the post processor g converts S into the learned structure S. After that, the structure bootstrapping
contrastive learning module optimizes S by maximizing the agreement between the learner view and anchor view. J_,‘ S T { (ZI ir Za, 1) L% 4 (zﬂ i ZI 1)
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Table 1: Node classification accuracy (percentage with standard deviation) in structure inference scenario. Available data for
graph structure learning during the training phase is shown in the first column, where X, Y, A;,,,, correspond to node features,
labels and the adjacency matrix of kNN graph, respectively. The highest and second highest results are highlighted with
boldface and underline, respectively. The symbol “OOM” means out of memory.

Available Methiod Dataset
Data for GSL Cora Citeseer Pubmed ogbn-arxiv Wine Cancer Digits 20news
- LR 60.8+0.0 62.2+0.0 72.440.0 52.5+0.0 02.1+1.3 933405 85.5+1.5 42.7+£1.7
- Linear SVM 58.9+0.0 58.3+£0.0 72.710.1 51.8+0.0 93.9+1.6 90.6+4.5 87.1+1.8 403£14
- MLP 56.1£1.6 56.7£1.7 71.4£0.0 54.7+0.1 89.7£1.9 92.9+1.2 36.3£0.3 38.6£14
- GCNy ., [22] 66.5+0.4 68.3+1.3 70.4+0.4 54.14+0.3 03.2+3.1 83.8+14 01.3+0.5 413406
- GATgnn [40] 66.2+0.5 70,006 69.6+0.5 OOM 01.5+2.4 95.1+0.8 01.4+0.1 45.0£1.2
- SAGE; ,, [15] 66.1£0.7 68.0£1.6 68.7£0.2 55.2+0.4 87.4+0.8 93.7£0.3 01.6£0.7 45.4+0.4
XY LDS [12] 71.5+0.8 715+1.1 OOM OOM 07.3+£0.4 0444109 02.5+0.7 46.4+16
XY AL, GRCN [53] 69.6+0.2 70.4£0.3 70.6+0.1 OOM 96.6+0.4 95.4+0.6 02.8+0.2 41.8+0.2
X, Y. Arnn Pro-GNN [20] 69.2+1.4 69.8+1.7 OOM OOM 05.1£1.5 96.5+0.1 93.9+£1.9 45.7+14
XY AL, GEN [45] 69.1+0.7 70.7+£1.1 70.7+£0.9 OOM 96.9+1.0 96.8+0.4 041404 47.1+£03
XY IDGL [7] 70.9+0.6 68.2+0.6 70.1£1.3 55.0+0.2 08.1+1.1 95.1+£1.0 93.2+0.9 43.5+0.6
XY SLAPS [11] 73.4+0.3 72.6x0.6 74.4+0.6 56.6x0.1 96.6+0.4 96.6+0.2 94.4+0.7 50.4+0.7
Apnn GDC [23] 68.1+1.2 68.8+0.8 68.4+0.4 OOM 96.1+1.0 95.9+0.4 02.6+0.5 46.4+0.9
X SLAPS-2s [11] 72.1+0.4 69.4+14 71.1+0.5 54.240.2 96.2+2.1 959+1.2 03.6+0.8 47.7+0.7
X SUBLIME 73.0+0.6 73.110.3 73.8+£0.6 55.510.1 98.2+1.6 97.2+0.2 943+0.4 49.2+0.6
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dard deviation) in structure refinement scenario.

Available Méthsd Dataset

Data for GSL Cora Citeseer Pubmed ogbn-arxiv
= GCN 81.5 70.3 79.0 71.710.3
= GAT 83.0+0.7 72.5x0.7 79.0103 OOM

= SAGE 77410 67.0x1.0 76.6+0.8 71.540.3
XY A LDS 83.9+0.6 74.840.3 OOM OOM
XY A GRCN 84.0£0.2 73.0£0.3 78.9+0.2 OOM
X, Y, A Pro-GNN | 821204 713404 OOM OOM
XY A GEN 823204 73.5%15 80.9+0.8 OOM
XY A IDGL 84.0£0.5 73.1+0.7 83.01£0.2 72.01£0.3
A GDC 83.6+0.2 734103 78.7+04 OOM
X, A SUBLIME | 84.2+0.5 73.5+0.6 81.0+0.6 71.8+0.3
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Table 3: Node clustering performance (4 metrics in percent-
age) in structure refinement scenario.

Methiod Cora Citeseer

C-ACC NMI F1 ARl | C-ACC NMI F1 AR
K-means 50.0 31.7 376 239 544 31.2 413 285
SC 39.8 297 332 174 30.8 90 25.7 8.2
GE 30.1 59 23.0 4.6 29.3 57 213 43
DW 52.9 384 435 29.1 39.0 131 305 13.7
DNGR 41.9 318 340 142 326 18.0 30.0 43
M-NMF 42.3 256 320 16.1 33.6 0.9 255 7.0
RMSC 46.6 320 347 203 51.6 308 404 26.6
TADW 53.6 36.6 40.1 240 52.9 320 436 28.6
VGAE 59.2 40.8 456 34.7 39.2 16.3 278 10.1
ARGA 64.0 449 619 352 573 35.0 546 341
MGAE 68.1 489 53.1 56.5 66.9 416 526 425
AGC 68.9 53.7 656 448 67.0 41.1 625 415
DAEGC 70.4 52.8 68.2 496 67.2 397 63.6 41.0
SUBLIME 713 542 63,5 503 68.5 44.1 63.2 43.9
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Table 4: Test accuracy corresponding to different bootstrap- :;é_gg’gg
ping decay rate 7 in structure refinement scenario. o 80 T Eﬁ :;ggg
— r=1 E
3 <L v | :
Sl Bootstrapping decay rate r E‘?ﬁ iﬁ%gg = 6 ‘
1 0.99999° 09999 0999 0.99 B £=009 £ .
Cora 82.1 83.2 84.2 824 709 = S 3 l ; _
Citeseer | 7.9 726  73.5 734 726 o s ——
Pubmed 80.1 80.3 81.0 80.58 30.5 W] lﬂiﬂﬂ 3000 0 gﬂim 4000
Epoch Epoch
(a) Test accuracy w.r.t. epoch. (b) Contrastive loss value w.r.t. epoch.

Figure 3: Curves of training process on Cora dataset.
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: — (x) Figure 5: Test accuracy in the scenarios where graph struc-
Figure 4: Sensitivity of hyper-parameters p™” and k. tures are perturbed by edge deletion or addition.
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{(a) Original graph. (b) Graph learned by Pro-GNN.(c) Graph learned by SUBLIME.
Figure 6: Heatmaps of the subgraph adjacency matrices of
(a) the original graph with self-loop, the graph learned by (b)
Pro-GNN and (c) SUBLIME on Cora dataset. A block in darker
color indicates a larger edge weight between two nodes.
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