The 29th Annual Conference of the Japanese Society for Artificial Intelligence, 2015

B T8 o R

1C3-5in

2 X BRI

Relation Prediction Using Incidence Matrix Decomposition

B £

Sho Yokoi

Mesy ot 2

Hiroshi Kajino

RN T

Hisashi Kashima

TR AR EBEE B AT IO X 7 AR EE

Department of System Information Sciences, Graduate School of Information Science, Tohoku University

PHRUR R BEE R Lo R b R

[EEEEaaErNLy

Department of Mathematical Informatics, Graduate School of Information Science and Technology, The University of Tokyo

DHIRR AR FBEE AW RHARE R - 5K

Department of Intelligence Science and Technology, Graduate School of Informatics, Kyoto University

Sparsity of data sets makes it hard to predict relationships. In this research, we address the sparsity problem
to use incidence matriz decomposition. We make comparative experiments with the link prediction problem and
triadic relation prediction using real data sets and confirm that our method has sparse robustness. Moreover, we
give theoretical support in the light of the ratio of the model complexity and the amount of data.
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