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(a) Homophily graph (b) Heterophily graph

Conventional GNNs aggregation : Parameter sharing within same d

Q)
(¢c) GNN aggregation (e) Path aggregation ) o o ]
on heterophily graph on heterophily graph Figure 3: Intuitive case where GNNSs are not able to distinguish the
target nodes in (a) & (b), while our path-based aggregation with pa-
Figure [ i (a) & (b) show patterns of homophlly and heterophily rameter Sharing mechanism can Capture the tOpOlOgical information

graphs. (c) demonstrates the GNN aggregation process for node 0 and make the embedding distinguishable (c) & (d). (Nodes with
of (b). (d) our proposed path aggregation compared with (c). similar characteristic represented as the same notation.)
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Figure 2: The workflow of PathNet for node classification of node O with the walk length & = 3 . The color of node stands for label and the
number stands for node index.
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Figure 2: The workflow of PathNet for node classification of node 0 with the walk length £ = 3. The color of node stands for label and the
number stands for node index.
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Figure 2: The workflow of PathNet for node classification of node 0 with the walk length £ = 3. The color of node stands for label and the
number stands for node index.
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Cora Pubmed Citeseer Cornell NBA BGP Electronics

#Hom. ratio 0.81 0.80 0.74 0.30 0.39 .37 0.25
MLP 74754+ 2.22 86.65+0.35 72.414+2.18 | 81.08+6.37 59.21+6.92 63.39+0.34 75.0310.08

GIN 84.97+1.51 86.97+0.53 72.19+1.74 | 58.10+£5.70 65.47+6.85 OOM OOM
GAT 82.68+1.80 84.68+0.44 75.46+1.72 | 58.92+3.32 67.19+1.04 62.254+0.90 64.641+0.27
z GraphSage 86.90+1.04 88.45+0.50 76.04+1.30 | 75.954+5.01 61.70+2.40 61.710.85 74.92+0.19
£ MixHop 85.4141.61 86.3840.46 75.4341.89 | 72.51+£6.36 68.89+5.95 64.80+0.83 67.84+0.50
E H2GCN 86.214+0.98 87.861+0.19 76.73+1.48 | 81.27+4.63 66.67+7.02 65.13£+1.01 73.921+0.52
= GPRGNN 86.004+2.46 86.56+0.29 78.4540.27 | 50.824+3.28 48.25+4.97 61.494040 75.79+0.16
= FAGCN 86.30+1.74 88.50+0.27 76.20+1.45 | 72.70+4.50 63.49+3.89 64.48+0.55 71.10+2.02
P-GNN 68.05+1.30 84.971+0.38 64.811+1.29 | 58.65+3.21 58.41+7.40 54.04+3.81 57.251+2.78
GeniePath 85.15+0.65 86.50+0.34 76.46+1.42 | 59.194+4.43 68.734+5.41 63.15+2.94 73.3940.35
SPAGAN 86.124+0.54 85.10+0.19 77.414+0.82 | 55.41+2.18 53.65+7.23 52.5940.67 53.9315.08
PathNet-MLP 82.89+2.84 87.86x+0.07 75.78+1.50 | 90.54+1.35 69.05+6.08 64.36+0.54 75.81+0.58
= | PathNet-GRU 84.76+1.52 87.89+0.12 76.57+1.08 | 90.74+1.81 69.52+7.16 64.46+0.76 76.16=0.52
.S | PathNet-LSTM | 84.39+£2.77 87.89+0.14 76.4442.86 | 91.35+1.62 69.374+6.27 65.19+0.79 76.1240.39
E RW-PathNet 85.08+1.17 87.8440.34 78.5442.13 | 90.27+2.16 71.2745.65 64.9240.61 76.311045
j PathNet-Mean | 83.464+2.36 88.18+3.94 76.5941.61 | 91.084+2.43 70.164+6.18 64.814+0.77 76.85+0.55
PathNet-Sum 84.21+£1.43 86.93+0.27 74.80+2.44 | 89.19+£2.70 67.704+6.44 65.394+0.83 75.06+0.44
‘ PathNet ‘ 85.76+2.67 88.9240.21 77.98+2.40 ‘ 91.354+2.91 71.69+4.83 65.72+0.66 76.97+0.84

Table 1: Mean accuracy and standard deviation of PathNet on node classification compared with baselines and ablation study.
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Figure 4: Model variants of different number (a) and length (b) of

Table 2: Node classification on synthetic datasets.
sampled paths.
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