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Introduction

heterogeneous graphs on the task of relationship prediction
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However, existing research tends to ignore the semantics of the
edges, that is the edge information is only used either for graph
traversal and/or selection of encoding functions
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(2) Message Passing
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Negative Sampling.

Loss: argmin ) U(+1,dr(f(vi), f(v7))) + (=1, dr-(f (D), f(Tn)))],
6 (ui,’r‘,uj)EE

only a small subset of all possible negative samples are useful for training

argemax  d (' (Om), f(Un)),
{ O, 7,0 }EE
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Experiment

Amazon Youtube Company
Methods AUCYT APT F171(0.5) AUCT APT F171(0.5) AUCT APT F17(0.5)
ComplEx 53.18a00  53.181100  54.3910) 52.11a0) 51.60000 50.97¢9) 5631w  55.3009  55.338)
ConvE 49.6501n  49.7911  66.383) 50.03a1y  50.07an  27.32an 5243000  53.17000  29.1500)
DistMult 53.949) 53.519) 53.71a1n  52.499) 52.12(9) 49,5010  55.299) 56.26(8) 56.51(7)
DistMult + ASA 64.85(8) 67.298) 64.3009) 76.456) 78.63(6) 69.486) 67.86(7) 68.72(6) 66.47(5)
metapath2vec 94.15) 94.016) 87.486) 70.98(7) 70.02(7) 65.34(3) 73.473) 70.88(4) 16.35(11)
HAN 87.57) 88.15(7) 77.35(7) 64.66(8) 61.248) 65.45(7) 523311  52.06(11y  41.889)
GATNE 96.25(5) 94.775) 01.36(4) 84 .475) 82.32(5) 76.83(5) 69.725) 67.22(7) 61.87@6)
R-GCN 97.16(4) 05.874) 94.52(2) 02 .384) 02.18(4) 83.35(3) 68.69(6) 69.95(5) 66.754)
R-GCN + ASA 98.37(3) 97.87(3) 94.213) 93.19¢3) 93.113) 79.33(4) 69.96(4) 73.20(3) 67.903)
RelGNN - ASA 08.842) 08.55(2) 95.17) 04.39(2) 93.41(2) 86.321) 74 942 73.91(2) 70.4502)
RelGNN 99.141) 99.011) 90.44s5) 96.44(1) 96.08(1) 83.89(2) 77.68(1) 77.78(1) 74.43(1)

Table 2: Test results on benchmarks and the real-world dataset. AUC denotes the area under the receiver operating charac-
teristic curve value and AP denotes the average precision corresponding to the area under the precision-recall curve value. T
indicates that the higher the score the better the performance. AUC, AP and F1 are reported as percentage. The cutoff threshold
for F11s 0.5. (- - ) after each score indicates the ranking of the method w.r.t. the specific setting. Underlined numbers are quoted
from (Cen et al. 2019).



Sample Result

Company
Methods MRRT Hit@1lT Hit@101T Hit@301
Random 04577 2.37m 7.71 71 14 .94(7
NSCaching; 07892) 5.38(1 11.774  19.20@4)
NSCachinggg 0695:5)  3.89¢) 11.50i59 18.09¢5)
NSCachingsg 06586) 3.994) 10.846)  16.75¢6)
ASA 08181y 5.18(2) 13.323y 22.013)
ASA 00 07543)  3.95¢5 14.35(ny 23.710)
ASAxn0 07514 4.3203 13.712y 22.99)

Table 3: Test results on Company. Hit@Kk is in percentage.
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Figure 2: Hit@k by varying .
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Figure 3: Entropy of attention distributions.



