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Figure 1 GCN framework diagram
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Figure 2 ALIP algorithm framework
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Figure 3 Residual units connected by jumpers
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Table 1 Datasets description
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USRS 25

VB MM PHE W

Citeseer 3312 4 732 2.857  0.001 0. 080
DBLP 3119 39516 21.070  0.005 0.221
Cora 2 708 5429 4.010  0.001 0. 130
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Table 2 Benchmark algorithm summary table
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e T %
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e e T 2 2
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ACTP* Cos+!™ LRW' SRwW!'
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LPMF* TELP'! NRLP!™

FURF ALIP 5352847 10 WP B E VR 0% 5512k 1) 52
BaE gk 3 iR,

3 3 W51, 7E Citeseer .DBLP  Cora %44 |,
YA Katz LHN-II . TELP NRLP %1 AUC Y7 T
90% , H:Hh Katz ¥ F1 LHN- 11 #5328 T3 T2 19

BERRFI , TELP 535 A1 NRLP 8358 T3 T4 M
fiFf T B B TN, AT DL 3T K S 1 B B LI vk 1 g
BN S, L HJE Katz 535 FT NRLP 595, 7€ Cite-
seer BAGEE FHEWRIZA T 97% ., £ Citeseer 3
PE 24 T=0. 8 I, Katz 820 AUC W 55 T ALIP
B BRI Z A0, ALIP B AUC B fie i (H, H
R {H N 98.01% , Ti{E DBLP $¢#E 4 Al Cora K03
£ I ALIP B SUR BT

NFE O % BE 1 B O3 i ALIP B%, R
5 @ EIHLR A [E 9 LPMF #E47 X G, AR 7 52 36 45
IR L2 0.7, 7 &SRR ) & K B 100, S5
GERUNE 4 Froas, R 4 a0, ALIP 54 6k B R 1
LPMF B B[] £ 1~1.5 s, {H ALIP & ¥ A X F
LPMF B LA TEREA 1.08 H 44 2 10.3 H 43 A1
Tt AR, A R @ BALE 0 5T, ALIP
TVE AR — R PR

25 L RTIR  ALIP B33 0] 30 40 42 4 310 I 45 1) A 3K
FEAE, [ B 68 8% O/ TF I 28 R AEAH OG5 2 S8 v JF
HM R

% 3 Citesser . DBLP 1 Cora #[{E& F§s MM R
Table 3 Link prediction results on Citesser, DBLP and Cora datasets

AUC/ %
GRR Citeseer ¥ 15 & DBLP %¥ 4 Cora $ i &
T=0.7 T=0.8 T=0.9 T=0.7 T=0.8 T=0.9 T=0.7 T=0.8 T=0.9
CN 68. 13 72.08 74.67 85. 49 88. 40 90. 68 69. 50 72.38 78. 19
Salton 66. 32 72.73 74. 44 86. 00 87.92 90. 74 69. 38 72.13 77. 89
Jaccard 66. 51 72.25 74.33 85.92 88. 26 90. 98 69. 25 72. 00 77.09
HPI 66. 29 72.18 74. 42 85.61 88.95 90. 77 69. 38 72. 44 77.93
HDI 66. 03 72.52 74.17 85.72 88.31 90. 84 69. 52 72.53 76. 67
LHN- | 66. 47 72.93 74. 46 85. 80 87. 87 89. 95 69. 19 72.16 77.30
AA 66. 37 72.22 74.33 86. 00 88.22 90. 95 69. 35 72. 66 77. 60
RA 66. 37 72.12 74. 63 86. 56 88. 50 90. 81 69. 47 72.47 77.97
PA 78.98 79. 06 79.53 76.39 77.13 77.54 71.50 71.91 71.50
LP 81.06 86. 83 88. 45 92.96 93. 65 94.94 80. 12 82.97 87.90
Katz 96. 89 97. 98 97.19 93. 45 94.18 94. 83 90. 89 92. 14 94. 44
LHN-1I 95.76 96. 85 96. 20 90. 86 91. 80 92. 80 89. 41 90. 37 93. 64
LNBAA 66. 37 72. 64 74. 52 86. 07 88. 42 91. 12 69. 42 72.50 78.01
LNBCN 66. 70 72.27 74.25 85. 60 88. 47 90. 80 69. 50 72.19 77.79
LNBRA 66. 05 72.23 74.27 85. 86 88.91 91.23 69. 32 72. 84 77.74
ACT 75. 88 75.59 73.79 79. 00 80. 07 80. 84 74. 11 73. 67 74. 00
Cos+ 88. 57 89.38 88. 49 91.53 93.47 95.08 90. 25 90. 98 93.22
LRW 87.21 90. 13 91.25 92.75 93.35 94. 09 88. 48 90. 58 93.63
SRW 86. 34 90. 05 90. 47 90. 50 92.25 94. 06 88. 40 90. 50 93. 62
TSCN 84.26 85. 68 86. 27 91.25 91.03 92.34 88. 35 90. 64 92.98
NRLP 96.71 97. 83 97.15 94. 43 95. 42 96. 40 92.32 93. 57 94.53
TELP 95. 00 96. 65 96. 81 93.75 94.79 95.77 91.21 92.43 94. 40
LPMF 87.18 90. 64 94. 98 93. 42 94.70 95.13 89. 57 92.13 93.93
ALIP 97.48 97. 58 98. 01 95.16 95.78 96. 41 94. 96 95. 32 95. 62
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Table 4 Comparison of computation time between

ALIP and LPMF

N B AR E] /s
R Citeseer (¥4 DBLP i #E4E Cora $1 5 4
LPMF 60. 892 8 53.695 1 36.401 8
ALIP 62.107 9 54.730 0 37.543 4
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Figure 4 Ablation experiment results
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Figure 5 Tuning parameters analysis results
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An Unsupervised Link Prediction Algorithm Based on an Approximate

Graph Neural Network Framework

LI Gege', YE Zhonglin"?, CAO Shujuan"?, ZHOU Lin"*, WANG Xueli"’

(1. College of Computer, Qinghai Normal University, Xining 810008, China; 2. The State Key Laboratory of Tibetan Intelligent Infor-
mation Processing and Application, Qinghai Normal University, Xining 810008, China)

Abstract; For unlabeled networks, the link prediction method based on graph neural networks had poor perform-
ance when using its efficient modeling mechanism for link prediction tasks. An unsupervised link prediction algo-
rithm (ALIP) was proposed. It could approximate the graph neural network framework to simulate the efficient
modeling mechanism and learning process of graph neural network algorithms, and to solve the problem of insuffi-
cient modeling caused by missing network node labels. Firstly, referring to the input layer of GCN, the structural
information and node attributes of the network were fused. Secondly, matrix factorization is used to replace the hid-
den layer of GCN and simulate forward propagation. Then the ideas of identity mapping and vector optimization to
achieve vector transformation and model optimization to obtain the network node representation vector, which were
used to simulate the back propagation of GCN. Finally, the similarity matrix for performance evaluation of link pre-
diction tasks was calculated. On the Citeseer dataset, DBLP dataset and Cora dataset, the experimental results
showed that ALIP algorithm had a maximum AUC value of 98. 01%, and its performance was superior to the other
23 link prediction algorithms. The effectiveness and feasibility of the algorithm, in this study provide a new solution
for complex unlabeled network link prediction tasks.

Keywords: matrix factorization; vector optimization; graph convolutional neural network; similarity matrix; link

prediction ; high-order neighbors





