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Abstract In recent years,graph neural networks(GNNs) have emerged as a prominent research area in the field of graph lear-
ning. Leveraging the message passing mechanism, GNNs have showcased remarkable performance across diverse graph-based
tasks. However,most existing GNNs methods assume uniform training difficulty across all nodes.disregarding the significant va-
riability in the importance and contributions of different nodes. To address this problem. this paper proposes a structural influence
and label conflict aware graph curriculum learning method(SILC-GCL) , which takes the training difficulty of nodes into conside-
ration. To begin with,a difficulty measure is designed through both the graph structure and node label semantics,calculating the
PageRank value of nodes and the label conflict degree between nodes and their neighbors. Subsequently,a training scheduler is
employed to select nodes with appropriate training difficulty at each training stage and then generate a sequence of training nodes
from easy to difficult. Finally,SILC-GCL is trained based on backbone GNNs models. Experimental results of node classification
on six benchmark datasets verify the effectiveness of SILC-GCL.

Keywords Graph representation learning, Graph neural networks,Curriculum learning, Node classification
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Table 1  Statistics of datasets

Dataset Nodes Edges Features Classes Avg LC
Cora 2708 5429 1433 7 0.2368
CiteSeer 3327 9270 3703 6 0.2808
PubMed 19717 88648 500 3 0.2172
Arxiv 169343 1166243 128 40 0.4569
Chameleon 2277 36101 2325 5 1.0954
Squirrel 5201 217073 2089 5 1.2467
Actor 7600 30019 932 5 1.1502
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Table 2 Micro-F1 scores of node classification

Methods Cora CiteSeer PubMed Chameleon Squirrel Actor Arxiv
GCN 83.724+0.67 64.74+1.32 73.34+0.57 34.37+2.16 26.08+1.01 22.53+1.63 70.26+1.94
ColdBrew 84.34+0.56 64.31+0.61 74.32+0.48 35.14=+1.24 26.73+1.29 23.87+1.24 70.91+1.46

TailGCN 84.9741.21 66.17+1.29 74.58+£0.61 37.21%1.66 29.4841.35 25.79+1.23 OOM

CenGCN 85.75+1.39 66.78+1.14 OOM 35.69+1.38 27.844+1.25 24.17+1.59 OOM
CLNode+ GCN 86.91+0.75 67.59+1.24 75.64+1.31 37.74+1.47 28.914+1.52 25.34+1.67 71.69+1.62
SILC-GCL+ GCN 87.247+0.93 68.14710.86 77.31%0.50 38.18+1.31 29.97%1.20 26.97%1.44 72.93+1.53
GraphSAGE 80.11+1.41 65.09+1.47 73.33%+0.42 35.96+2.18 29.90+1.69 29.67+1.91 69.73+1.81

TailSAGE 82.71+1.35 66.85+1.21 75.63+0.58 38.91+2.33 31.91+1.41 31.94+1.69 OOM
CLNode+ SAGE 82.9141.41 67.35+1.90 76.30+0.67 38.97+2.39 31.744+1.93 32.05+1.53 71.26+1.73
SILC-GCL+SAGE 83.69%1.27 68.03%1.18 77.16%0. 41 41.30x1.76 32.42%1.76 32.81%1.74 71.84%1.15
GAT 77.90+1.30 58.80+1.41 72.90+1.06 35.70+2.86 25.57+1.82 21.55+1.34 70.03+1.67

TaillGAT 78.85+1.56 59.97+1.85 74.83+£1.26 37.04%+2.30 26.41%2.60 22.97+2.01 OOM
CLNode+GAT 79.40+1.16 60.39+£2.04 74.87+£1.68 37.60+2.47 26.9342.89 23.06+1.39 72.51+1.52
SILC-GCL+GAT 80.19+1.49 61.55+1.70 75.41%£0.78 38.86+1.43 27.28%0.97 23.84%0.81 73.28%1.45

3 WM Macro-F1 4388
Table 3 Macro-F1 scores of node classification

Methods Cora CiteSeer PubMed Chameleon Squirrel Actor Arxiv
GCN 82.56+0. 60 57.18+0.97 70.96+0.92 28.77+1.63 20.894+1.40 21.01+1.33 64.38+1.55
ColdBrew 82.84+0.51 57.63+£0.79 71.5240.54 30.1141.43 21.62+1.51 21.94+1.12 65.11+1.49

TailGCN 84.03+1.17 59.1440. 94 73.6940.73 31.71+1.95 23.81+1.47 24.58+1.63 OOM

CenGCN 84.46+1.51 59.68+1.39 OOM 31.47+1.62 22.31+1. 23.09+1.74 OOM
CLNode+ GCN 85.0740. 64 59.72+1.34 74.89+1.45 31.57+1.81 23.5641.43 23.91+1.23 65.78+1.63
SILC-GCL+ GCN 85.51%0.80 60.3430.77 76.0610. 54 32.10%+1.99 24.12%1.22 24.96%1.17 66.3411.46
GraphSAGE 79.14+1.54 58.70+1.49 72.46+0.46 34.26+1.45 28.66+2.48 28.23+1.85 61.18+2.43

TailSAGE 81.69+1.63 59.7441.44 74.57+0.61 36.84+2.21 30.1341.79 30.61+1.58 OOM
CLNode+SAGE 81.8341.74 60.24+1.97 75.19+0.50 33.15+2.11 29.9441.82 30.75+1.49 62.76+1.64
SILC-GCL+SAGE 82.16%1.05 61.07%+1.77 76.6910. 38 37.70+1.99 30.94+1.22 31.41+1.99 63.26+1.72
GAT 76.33+1.16 51.46+1.39 71.794£1.14 28.78+1.92 20.9842.08 20.37+1.14 62.59+2.05

TaillGAT 77.45+1.67 52.79+1.65 73.64+£1.96 30.09+2.12 22.384+2.51 21.56+2.14 OOM
CLNode+GAT 77.83+1.26 53.22+2.07 74.07+1.81 30.87+1.79 22.74+2.49 21.924+1.87 63.74+1.81
SILC-GCL+GAT 78.77%+1.59 54.124+1.33 74.9410.80 31.96%+1.61 23.67%2.35 22.79+1.15 64.25+1.28
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