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A combination pairwise kernel of node information and link structure for link prediction
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Link prediction problem can be solved as supervised pairwise classification problem. Definition of pairwise kernel
is important , because pairwise classification problem is only solved by using a pairwise kernel and labels. Existing
pairwise kernels only use node information. We propose pairwise kernel using node information and link structure.
Experiment result shows our pairwise kernel in predictive accuracy is better than existing pairiwise kernel.
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#% 1: Compare to pairwise kernel

pairwise kernel l spase complexity l time complexity l node information | link structure
metric learning pairwise kernel[7] O(N%) O(N%) o X
kronecker product kernel[1][5 O(N2M?) O(N?M?) o X
cartesian kernel[3] O(N?M + NM?) | O(N?M + NM?) o X
tensor diffusion kernel(proposal) O(N?M?) O(N2M?) X o
tensor propagation kernel(proposal) O(N?M?) O(N?ZM?) o o
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# 2: Experiment result (AUC)

‘ metabolic ‘ drug-target ‘ nips
kronekcer product kernel | 0.629(0.027) | 0.922(0.021) | 0.654(0.021)
cartesian kernel 0.633(0.022) 0.875(0.032) 0.610(0.023)
tensor diffusion kernel 0.595(0.026) 0.653(0.021) 0.592(0.012)
tensor propagation kernel | 0.653(0.021) | 0.922(0.021) | 0.667(0.021)
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x1  http://web.kuicr.kyoto-u.ac.jp/supp/yoshi/ismb05
%2 http://web.kuicr.kyoto-u.ac.jp/supp/yoshi/drugtarget/
*3  http://ai.stanford.edu/ gal/data.html
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