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However, the existing GCL methods mostly However, this is contradictory with the homophily
adopt human-designed graph augmentations, assumption of networks that connected nodes often belong

which are sensitive to various graph datasets. to the same class and should be close to each other
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Figure 2. The model architecture of NCLA. It generates K learnable augmented views with adaptive topology by multi-head
GAT, where each k-th view has its own learnable parameters ), W) which are not shared with other views. Then, it applies
the neighbor contrastive loss to maximize the agreement between the embeddings of positive pairs and minimize that of nega-
tive pairs. Both augmentations and embeddings are learned end-to-end in NCLA.
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Experiments

Table 1: Statistics of the datasets.
Datasets # Nodes # Edges # Features # Labels

Cora 2708 10556 1433 7
CiteSeer 3327 9228 3703 6
PubMed 19717 88651 500 3

Coauthor-CS 18333 163788 6805 15
Amazon-Photo 7650 238162 745 8

Table 2: Hyperparameter Settings of NCLA.
# Augmented Views  # Hidden  # Embedding Dimension =~ Temperature Learning Weight # Epochs

Datasets

K Layers F' T Rate Decay T
Cora 4 1 32 1 le-2 le-4 2000
CiteSeer 4 1 32 5 le-2 le-4 2000
PubMed 2 1 32 5 le-3 5e-5 2000
Coauthor-CS 4 1 32 1 Se-2 le-4 2000
Amazon-Photo 2 1 32 1 le-3 le-4 2000
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Table 3: Classification accuracy with different label rates on five datasets. The best and second-best results are highlighted in
boldface and underlined respectively.

Da-
tasets

Methods

GCN

GAT

CGPN

CG3

DGI

GMI

MVGRL

GRACE

GCA

SUGRL AFGRL

NCLA

Cora

42.6+11.6
55.0+7.5
63.1+6.8
66.4+6.4
79.6+1.8

42.149.5
53.249.0
63.245.3
66.3+5.9
81.2+1.6

58.6+10.6
67.447.1

70.74+4.0
70.7+2.9
74.0+1.7

55.4+14.3
66.44+7.7
71.54+4.2
72,7424
80.6+1.6

5544114
64.949.0
71.1+5.6
72.9+44.5
82.1+1.3

55.949.6
65.2+7.6
70.745.2
733443
79.4+1.2

59.1+10.9
67.848.6
74.5+4.1

76.143.2
82.4+1.5

51.0+49.8
59.7+7.9
64.0+6.6
66.1+5.4
79.6+1.4

5844109
66.0+7.8
71.5+4.6
729443
79.0+1.4

552489 477478
65.3+6.2 57.8+6.8
70,5435 64.64+4.7
73.542.9 67.54+4.2
81.3+1.2 78.6+1.3

63.1+112
71.8+6.9
75.745.0
77.343.8
822416

Cite
seer

33.8459
44.845.5
49.245.1
51.7+4.5
66.0+1.2

31.0+7.2
41.147.2
48.6+6.7
52.84+6.6
68.9+1.8

48.6+11.3
58.0+5.1
59.4+5.4
60.6+3.4
63.7+1.6

48.4+128
60.246.8
62.147.3
65.142.5
70.941.5

472492
58.6+4.3
63.3+4.3
65.842.1
716412

40.8+6.8
50.244.1
55.1+£2.7
57.943.0
66.9+2.2

32.848.4
47.847.5
55.246.7
59.345.5
71.1+1.4

40.34+7.2
48.54+6.0
52.7+4.6
56.0+3.9
67.0+1.7

38.749.0
49.64+5.3
542447
57.3433
65.6+2.4

46.7+8.4 421472
57.744.6 533454
61.845.1 58.0+4.4
65.042.6 61.5+2.5
71.0+1.8 70.8+2.1

52.2+13.5
62.2+6.4
65.54+3.5
67.6+2.1
71.740.9

Pub-
Med

48.6+7.1
55.847.1
62.1+7.3
65.1+5.9
79.042.5

47.948.5
54.5+7.7
61.5+6.8
64.246.1
78.5+1.8

5354134
59.7410.3
61.84+10.4
62.7+10.3
73.342.5

54.74+8.6
589472
65.14+6.5
66.0+5.7
78.942.6

50.0+9.5
58.548.7
62.4+7.2
64.1+6.2
78.3+2.4

53.5411.9
60.74+9.9
65.5+8.9
67.248.1
76.84+2.3

55.349.3
62.7+7.0
68.54+5.8
70.646.0
79.542.2

46.54+7.0
53.846.9
55.6+7.9
57.7+6.8
74.6+3.5

57.7+10.5
66.3+7.6
71.9+54
73.6+54
81.542.5

56.7+8.8 49.7+8.3
629463 56.4+6.4
67.945.7 60.6+5.5
69.9+45.1 62.445.1
80.5+1.6 76.4+2.5

60.2+12.4
66.9+9.7
72.3+6.2
73.8+4.9
82.0+1.4

au-
thor
CSs

64.848.8
79.2+4.2
83.3+4.0
84.243.1
90.04+0.6

64.249.0
80.2+4.1
85.0+2.7
86.6+2.1
90.940.7

68.4+8.9
77.745.3
80.4+4.4
80.9+3.6
83.5+1.4

79.8+8.0
85.3+4.0
87.5+3.9
87.1+4.6
90.6+1.0

71.4+6.3
79.6+5.3
82.3+3.6
84.8+2.8
92.0+0.5

68.3+7.2
78.1+4.5
80.9+4.4
82.842.8
88.540.8

75.4+7.2
84.74+2.7
87.5+2.2
88.5+1.8
91.540.6

60.0+7.7
T1.3+4.5
74.8+3.8
77.6+2.8
90.0+0.7

59.9+7.6
72.5+4.6
77.9+4.1
80.3+3.1
90.9+1.1

76.9+62 752476
85.443.1 853427
87.4429 87.7423
88.242.1 88.4+19
91.240.9 91.440.6

83.0+6.2
87.4+4.1
88.3+3.1
88.8+2.4
91.5+0.7

Ama-
zon
Photo

60.7+9.3
75.247.2
76.9+5.1
81.0+4.6
86.3+1.6

59.0+11.5
T71.7£6.4
75.6106.3
79.345.9
86.5+2.1

70.447.2
75.7+4.3
77.0+£4.0
80.1+2.6
84.1+1.5

69.3+5.8
77.24+3.6
79.4+3.9
81.942.9
89.4+1.9

53.8410.7
62.7+8.5
66.6+7.7
70.846.0
83.5+1.2

58.248.1
68.8+6.2
71.9+£54
76.2+1.8
86.7+1.5

59.749.0
73.4+6.8
76.846.1
82.04+2.3
89.7+1.2

67.0+9.0
76.6+5.2
78.61+4.8
31.8+14
879+14

55.3+6.7
68.0+5.6
74.4+59
78.8+3.9
87.0+19

716462 544499
80.7+3.6 71.347.2
822427 759457
843416 81.542.5
90.5+19 89.2+1.1

75.6+6.0
81.61£3.7
83.3£38
85.3+2.0
90.2+1.3
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Table 4. Variants of neighbor contrastive loss in NCLA.

Variants Cora CiteSeer PubMed CS Photo
NCL* 631 522 602 830 756
InfoNCE 609 485 507 804 753
NT-Xent 601 516 600 805 752

*®
NCL ‘f“ Pos 4 510 506 827 725

3
NCL ‘f“ Pos 33 495 504 814 712

*NCL is short for neighbor contrastive loss.
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Figure 3. Sensitivity analysis of the hyperparameters K, F’
and T on NCLA.
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