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Figure 1: Illustration of node difficulty.
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Figure 3: An overall framework of the proposed CLNode.
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Table 1: Statistics of five benchmark datasets.

Dataset Nodes Edges Features Classes Label rate
Cora 2708 3429 1433 7 2%
CiteSeer 3327 4732 3703 6 2%
PubMed 19717 386438 500 3 0.1%
A-Computers 13381 245778 767 10 1%

A-Photo 7487 119043 745 8 1%
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Figure 2: Accuracy of GCN trained on difficult nodes or easy
nodes.
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Figure 6: Accuracy (%) on Cora with two kinds of label noise.
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Table 2: Node classification performance (Accuracy (%)+Std) on five datasets.

Method Cora CiteSeer PubMed A-Computers A-Photo

Original 73.5+0.8 62.8+2.6 64.3+2.9 79.0+3.7 89.1+0.8

GCN +CLNode 77.0+0.7 65.5+2.3 65.9+1.3 84.7+0.5 90.8+1.0
(Improv.) 3.5% 2.7% 1.6% 5.7% 1.7%

Driginal T0.1£2.3 57.4+37 61.3+1.4 71.7+24 83.0+2.6

GraphSAGE +CLNode 72.1+1.4 60.3+3.1 64.1+3.8 77.5+1.6 87.5+1.2
(Improv.) 2.0% 2.9% 2.8% 5.8% 45%

Original 74.2+1.2 63.7+2.8 64.6+2.5 80.2+0.8 89.4+1.8

GAT +CLNode 77.1x1.1 65.3+£2.6 68.2+2.6 82.6+1.1 90.1+1.1
(Improv.) 2.9% 1.6% 3.6% 2.4% 0.7%

Original 74.4+4.3 64.8+3.3 67.4+4.3 81.2+2.0 87.3x2.0

SuperGAT +CLNode 75.5+2.7 63.0+3.2 72.2+3.0 83.4+2.4 88.8+1.2
(Improv.) 1.1% - 4.8% 2.2% 1.5%

Original 74.0+1.5 62.1+3.7 66.0+1.7 83.2+1.3 89.2+0.7

JK-Net +CLNode 76.8+0.8 63.6x1.2 71.5x3.2 84.4+1.0 90.4+0.9
(Improv.) 2.8% 1.5% 5.5% 1.2% 1.2%

Original 76.2£4.0 64.5+4.3 70.8x6.1 79.8+1.8 87.4x2.1

GCNII +CLNode 77.8+2.1 66.5+2.2 71.3+4.6 82.2+1.5 89.3+2.0
(Improv.) 1.6% 2.0% 0.5% 2.4% 1.9%

ATAI
Advanced Technique of
Avrificial Intelligence




nag
4 ¥
A ¥

Chongging Lhiversity
of Technology

EXp

Table 3: Accuracy (%) on Cora under different label rates.

eriments

B A B B OB OB W A\ W BV A

Method 1% 27, 3%
GON Original 624427 735408 78.6+0.6
+CLNode 66.9+1.2 77.0£0.7 79.7+0.6
CranhSage  OTiginal  548+30 70123 76.0£0.8
PISABE CINode 61.8+2.6 72.1+1.4 77.7+1.5
GAT Original 652424 742412 78.8+1.0
+CLNode 68.542.0 77.1+1.1 79.9+0.5
Original  65.546.0 74.4+4.3 78.7+1.6
SuperGAT ~'Node 67.943.2 755427 78.5+24
JK-Net Original ~ 67.5+1.7 74.0+15 77.4+14
+CLNode 69.4+1.4 76.8+0.8 78.8+0.3
cong | Original 68539 76.2%40  79.0+2.2
+CLNode 71.2+3.8 77.8+42.1 80.2+2.0
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Table 4: Comparisons between different difficulty measur-
ers.

Method Cora CiteSeer PubMed
original 69.6 55.3 69.4
cen  tCLNode(local) 748 6138 74.2
+CLNode(global)  72.3 62.5 73.2
+CLNode 754 63.1 74.4

Table 5: Comparisons between different pacing functions.

Pacing Function Cora CiteSeer PubMed

linear 74.8 62.7 74.2
CLNode root 74.5 62.5 73.9
genmetric 75.4 63.1 74.4
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Figure 7: Parameter sensitivity analysis on Cora.
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