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Link Prediction Method Based on Hypergraph Neural Network

CHEN Liang', ZHAO Ying', SHI Shenghui', YIN Ling®
(1. College of Information Science and Technology, Beijing University of Chemical Technology, Beijing 100029, China;
2. Telemedicine Center, China-Japan Friendship Hospital, Beijing 100029, China)

[ Abstract] With the rapid development of information technology, link prediction has been widely applied in various
fields. Current link prediction ‘methods are based on. subgraph extraction. Models based on Line Graph
Transformation (LLGT) and Graph Convolutional Network (GCN) achieve excellent results in link prediction.
However, two problems remain: 1) the high time complexity of the LGT and the large size of the line graph hinder
its wide-spread application; 2) GCN ignores the high-order relationship and local clustering structure between
nodes, thereby affecting prediction accuracy.” To solve the above issues, this paper proposes a link prediction
method based on Hypergraph Convolutional Network (HGCN), called HGLP. This method replaces LGT with
Dual Hypergraph Transformation (DHT) to-improve system efficiency without losing structural information and
applies HGCN to learn the higher-order features of the hypernodes and hyperedges in the hypergraph to obtain
higher prediction accuracy. Experimental results show that the proposed method outperforms state-of-the-art link
prediction methods on seven real-world datasets from different domains, in terms of Area Under the Curve (AUC)
and Average Precision (AP). Furthermore, the proposed method achieves shorter runtimes and less memory
usage.

[Key words]) link prediction; hypergraph; Hypergraph Convolutional Network ( HGCN); Dual Hypergraph
Transformation (DHT); deep learning
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Table 2 AUC comparison %

Model Celegans USAir SMG EML YST Power GRQ
CN 82.94(£1.11) 92.82(£0.96) 81.15(40.72) 82.04(+£0.43) 68.47(£0.54) 57.29(40.24) 89.60(+0.28)
AA 84.61(£1.04) 93.85(F0.98) 82.06(40.71) 82.21(£0.43) 68.51(£0.55) 57.29(40.24) 89.62(=£0.27)
Katz 85.27(+£1.22) 91.58(41.19) 86.23(+£0.62) 88.59(£0.61) 80.20(40.36) 71, 67(F£1.15) 89.55(40.43)
SR 76.17(£2.19) 79.59(+E1.08) 78.00(40.75) 87.14(£0.71) 74.05¢(=£0.38) 60.72(42.68) 89.52(+0.43)
Rooted PR 89.13(£1.09) 93.81(¢=FE1. 26) 89.63(40.67) 89.70(£0.58) 8L 14(+0.36) 60.74(42.59) 89.72(=+0.42)
GCN 84.37(£1.18) 94.37(40.87) 85.27(+0.79) 80.81(£0.67) 79.68(+0.53) 76.53(F1.64) 86.72(40.88)
GAT 84.45(4+0.90) 94.04(=£0.94) " 84.09(41.06) 80.43(+£1.14) 76.36(F£0.73) 77.37(41.02) 85.43(+0.81)
SEAL 88.70(£1.23)" 96.40(40.83) 91.69(=0.73) 91.18(=£0.59) ~89.94(40.85) 81.64(x1.66) 96.95(=£0.30)
LGLP 90.19(£0. 84) 97.19(40.56) 92.86(+0.57) © 91.89(£0.49) 91.71(40.36) 83.03(£0.70) 97.34(40.14)
HGLP 90. 71(£0.38) 97.66(=£0.34) 93.18(£0.73) 92.29(F0.72) 92.50(=%0.43) 83.61(=£0.89) 97.69(=£0.23)
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Table 3~ AP comparison %

Model Celegans USAir SMG EML YST Power GRQ
CN 80.19(+£1.13) 92.62(£0.87) <80.19(40.70) 81.36(£0.53) 68.33(F£0.54) 57.27(40.25) 89.56(+0.28)
AA 83.95(£1.16) 94.40(£0.84) 83.07(40.64) 82.30(£0.47) 68.73(£0.58) 57.27(40.24) 89.65(£0.27)
Katz 84.77(+£1.15) 93.47(40.80) 88.29(+0.65) 90.60(£0.71) 85.66(+0.34) 73.71(£0.93) 93.00(40.29)
SR 66.61(£2.35) 70.71(£1.89) 70.81(£1.57) 87.43(£0.93) 77.99(40.66) 74.09(£1.04) 92.89(=40.24)
Rooted PR 88.02(+£1.44) 94.08(+1.11) 91.33(+£0.63) 91.24(£0.66) 86.25(40.22) 74.63(£1.00) 93.13(=40.25)
GCN 82.50(£1.48) 94.40(F£1.18) 84.54(40.81) 79.71(£1.04) 80.06(F£0.69) 71.97(41.88) 86.38(*1.40)
GAT 81.95(£1.33).93. 63(40.94) 82.42(+£1.23) 78.40(F£1.60) 75.94(40.99) 72.70(£0.94) 84.02(%1.23)
SEAL 87.93(£1.21) 96.46(40.87) 92.16(0.66) 91.77(£0.79) 91.33(40.75) 84.10(*1.32) 97.63(=£0.24)
LGLP 89.57(£0.96) 97.25(40.62) 93.27(%£0.50) 92.63(F£0.52) 92.77(£0.26) 85.31(=£0.66) 97.95(=£0.09)
HGLP 90.13(£0.57) 97.73(£0.40) 93.64(£0.59) 92.86(F0.63) 93.29(%0.42) 85.57(£0.75) 98.17(=£0.17)
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Power $4 4 SO E A T DHT Fr 5 I8 N £
HREHIE A>T LGT, Horp 78 USAir B4l 4 F &k
B, AE S D T 93, 43 %, ] WL fdE A ) &2
ZREEEARAY DHT 88 LGT AN HE 535 ik i 46
bR T ELAEAR % B A R A R AR
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SRl RO NAE S BAF & D5 T bR Power 34 42

Hod TR g m W] AR Ak HoR B £ 315 5 1
WNAF5 BAFRY TR DA SCHR Hh 9 HGLP BRI GE
R AEANAR G RTINS B2 A 175 0 1 S BB e P00 % R
AR IEHR T N o5 BRI I LS JH T B4 4%
P ) B TN
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Table 4 Link prediction efficiency comparison

Dataset Model T1/s T2/s RAMI1/MB RAM2/MB VRAM/MB
LGLP 65. 780 8.73 2 985 5 246 5275
Celegans
HGLP 0. 760 4,43 335 815 417
LGLP 87.910 19. 57 5845 9 765 9 334
USAir
HGLP 0. 890 4,93 384 1077 643
LGLP 300. 224 67. 87 13 011 1921 6 563
SMG
HGLP 2. 280 12437 976 17460 1011
LGLP 130. 756 12.33 2 590 3.082 2 665
EML
HGLP 1. 780 9. 89 483 872 441
LGLP 115. 769 12. 22 1576 1670 1262
YST
HGLP 1.730 11.02 285 699 246
LGLP 18. 080 6. 46 19 439 61
Power
HGLP 1. 410 5. 64 23 475 57
GRQ LGLP 163. 120 29. 69 5 788 2 784 2 333
’ HGLP 3.580 23. 09 536 916 275
3.5 HBRsRIE F,HGLP 7£ A 5l 42 v AUC F1 AP ¥ 2 & F
AT BE HGLP 43 527 2] @8 75 5 5 8 i s HGLP-n #il HGLP-e, 5 B P4 # (1) 45 5 RE W5 A 2 Hb
IR R AR AR SO H 27 2188 sURRE B AL AL R PEFFHIRS BE , [ i HGLP-e B9 R340 45 535 T

HGLP-n, H 2 >) 8  FAF (9815 HGLP-e, 3k
ATIH RN SEES  SCIR 45 N 5 M 6 fis, W LIE

HGLP-n, $EEA 8 3 R7AE 09 27 >0 0 S ACHE i TR
JE B TR K

x5 HEIZIRER(AUC)
Table 5 Ablation experiment results (AUC) %
Model Celegans USAir SMG EML YST Power GRQ
HGLP-n 89.97(+£0.44) 97.30(40.40) 92.67(+0.77) 92.01(£0.67) 92.21(40.33) 83.28(£0.89) 97.61(40.24)
HGLP-e 90. 53(£0. 43) 97, 64(40.38) 92.99(+0.74) 92.09(£0.62) 92.35(+0.46) 83.30(£0.90) 97.58(40.23)
HGLP 90. 71(£0.38) 97.66(+0.34) 93.18(£0.73) 92.29(40.72) 92.50(+0.43) 83.61(+=0.89) 97.69(+0.23)
R6 HEAKIWHER(AP)
Table 6 Ablation experiment results (AP) %
Model Celegans USAir SMG EML YST Power GRQ
HGLP-n 89.52(+£0.52) 97.37(40.46) 93.18(+0.70) 92.55(£0.66) 93.02(+0.35) 85.34(£0.70) 98.12(40.17)
HGLP-e 90.01(£0.54) 97.70(40.45) 93.49(+0.58) 92.73(£0.56) 93.18(40.41) 85.38(£0.77) 98.10(40.17)
HGLP 90.13(£0.57) 97.73(40.40) 93.64(£0.59) 92.86(+0.63) 93.29(+0.42) 85.57(+0.75) 98.17(+0.17)
4 i TE A RART T HEFE TN BAG . SEER s SRR, B

ARSCHR I T —Fh I T HGCN [ 6 0 Jr i,
BT A 5 s ) 1255 (1) 52 2% v 1 220 4 a5 T 7
5 % B [ AL fet P IS ) 125 (] 52 2 B2 B ARG A DHT
Xof T A6 1) PRI 54 1A 7 b B LA A7 I TR RN A o
H TRl A HGON BEA T 5 % 5000 DL =7 ~J = B 4

F 2 AF AR AUC Fl AP, AR SCHE H 9 )5 1%
TE 7 PN [RS8 4 E R BT H i
T Has AT i ) A R A e Tk
S PRTINDRS B B[R], R AR B 7 Rk . T
ARSCTT IR T 25 B B0 T B S8 A 16 A AR AT
HETE Bl AS PRI » DRI G i 1] B9 1o FH A 2h 25
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