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Path Connectivity Based Neighbor-Awareness Node Classification Algorithm
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Abstract: Graph convolutional neural networks obtain the node representation by aggregating the neighbor
node information with high similarity, and selecting the appropriate neighborhood for the node and
conducting effective aggregation are the keys to the graph convolutional networks. Most of the existing
graph convolutional neural networks directly aggregate the node information in the multi-hop neighborhood,
without considering the difference of the aggregation weights of different hop neighborhoods on different
nodes in the network. Aiming at this, a path connectivity based neighbor-awareness node classification
algorithm (PCNA) is proposed. The node neighborhood is determined by the path connectivity information
in the network, and the influence weight of different length paths on the similarity calculation between
nodes is adaptively perceived to guide the neighborhood aggregation process of graph convolutional neural

network. Specifically, PCNA is composed of a neighborhood perceptron and a node classifier. The
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neighborhood perceptron adaptively obtains the aggregated neighborhood of each node and the influence
weights of paths with different lengths based on the reinforcement learning mechanism, and then uses the
path connectivity information between nodes to obtain the similarity matrix. The node classifier uses the
obtained similarity matrix to perform neighborhood aggregation to obtain node representation and classify
nodes. The comparison experiments with 10 classical algorithms on eight real datasets show that the
proposed algorithm has better performance in node classification tasks.

Key words: graph convolutional neural networks; neighborhood aggregation; reinforcement learning; node

similarity;node classification
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{vl(v;, vj)GE},*ﬁ‘@viéﬁfﬁ“ﬂi%ﬁﬁ/@:IN(vi)\o
5 U G AR A= (A, Fo55 i A7 9 L TE 3 A, 52 R
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Table 1 Main symbols and definitions
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Fig.1 Framework of the PCNA algorithm
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FAE  JCTE T A [ 0 A 4B Sk 41 7 oK .

#3 PCNASEERBENAERELR

Table 3 Comparison of ACC between PCNA and baseline models %

Hdh 4 Cora  Citeseer Pubmed Chameleon  Squirrel ~ Cornell Texas Wisconsin
MLP 31.96 22.09 47.76 43.79 27.81 60.54 67.03 65.88 45.87
LR 57.60 61.4 72.8 37.32 27.93 55.14 67.30 72.35 56.48
Node2vec 62.08 40.78 56.12 47.00 31.29 34.59 45.68 36.47 44.25
SGC 80.70 68.30 77.70 67.11 48.32 48.65 54.05 41.18 60.75
GCN 80.76 70.46 78.75 59.65 42.91 52.70 52.70 42.75 60.09
GAT 82.31 69.91 77.15 55.44 36.48 45.95 52.70 41.76 57.71
Policy-GNN 67.74 61.59 78.80 58.45 65.56 81.62 75.64 59.87 68.66
NAGphormer  75.83 64.18 73.95 62.19 42.67 52.97 57.03 56.67 60.69
LSGNN 70.95 71.00 73.40 60.96 36.40 78.38 80.00 80.98 69.01
GloGNN 63.40 55.00 72.10 66.89 56.10 64.86 78.38 80.39 67.14

PCNA 80.80 68.40 79.30 74.78 67.44 62.16 75.68 68.63 72.15
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T 3.49% o X R W] PCNA FIH] 5 Ak 2% > AL 27 > AN [6) 5 0 (9 23R & 40 Sl Bk 8o B 745 380 08 47 1 77 a5 3R
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Table 4 Ablation experiments on eight datasets (ACC) %

ff %N BnE Cora Citeseer Pubmed Chameleon Squirrel Cornell Texas Wisconsin ~F¥J{H
PCNA-1  76.00 65.00 75.10 67.11 48.32 48.65 54.05 41.18 59.43

[EE4RE,  PCNA-2  80.70 67.90 77.70 61.84 42.75 40.54 51.35 41.18 58.00
PCNA-3  80.70 68.30 77.60 54.61 42.17 40.54 54.05 39.22 57.15

PCNA-A  18.98 18.91 36.02 20.55 19.66 41.89 40.27 33.92 28.78

oS PCNA-C - 66.96 57.09 32.16 37.48 23.77 38.38 47.30 39.22 42.80
PCNA-E  59.09 62.55 50.07 36.91 25.17 41.62 51.89 50.20 47.19

FEHLA IS  PCNA-R  71.48 64.95 75.32 53.09 43.24 44.32 74.32 58.63 60.67
ARSI PCNA 80.80 68.40 79.30 74.78 67.44 62.16 75.68 68.63 72.15
+Impv 0.10 0.10 1.60 7.67 19.12 13.51 1.36 10.00 6.68
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RS ESNMBFEELMEMIE(F,2%)
Table 5 Ablation experiments on eight datasets (F, score) %
fl %N i Cora  Citeseer Pubmed Chameleon Squirrel Cornell Texas Wisconsin F¥J{E
PCNA-1  74.38 61.93 75.03 67.03 47.84 32.50 23.23 27.58 51.19
48 PCNA-2  79.82  65.00 77.40 61.90 41.53 26.82 19.00 24.73 49.53
PCNA-3  80.00 65.13 77.27 54.48 40.09 26.61 27.33 23.90 49.35
PCNA-A 5.47 5.86 15.70 8.48 6.70 13.18 18.41 13.95 10.97
PLL KM PCNA-C - 64.58  52.22 28.39 31.72 15.99 18.80 20.33 23.61 31.96
PCNA-E  60.30 56.13 34.30 31.49 14.01 27.42 31.12 33.04 35.98
REHL S PCNA-R  70.84  62.06 75.28 52.61 43.35 26.04 49.52 31.67 51.42
AXEPE: PCNA  79.90 6526  78.34 75.62  67.36  30.01  42.59 37.21  59.54
+TImpv —0.10 0.13 0.94 8.59 19.52 —249 —6.93 4.17 2.98
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