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Backbone Kernels for the Graph Data Léarning

CHANG Xin-gong, SHEN Liang, JING Li-rong
{ Information Management Faculty , Shanxi University of Finance and Economics, Taiyuan 030006, China)

Abstract: Learning structured data is an important branch of the data mining field. So far, there have been many good methods of struc-
tured data learning. Kernel method is one of the effective learning ways. Based on Giertner and other researchers’ study, proposes a
backbone graph kemel method. It defines that the sub-structure with higher importance is the backbone graph. It effectively reduces the
size of graph learning. It uses random path kernel function to define the main graph kernel funcﬁoﬁs and gives different weights to back-

bone graph which have different order. Uses the adaptive discrete particle swarm algorithm to learn the similar kemel matrix. Experimen-

tal results shows that the method that the paper proposed can well learn of the graph data.
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DataSet Algorithm Worst(% ) Mean (% ) Best(% )
Shortest—path kernels 71% 82% 85%
Optimal Assignment Kernels 74% 80% 83 %
Hutas Adaptive Matching Based Kemels 80% 83% 85%
A 78% 829% 86%
Shortest—path kernels 70% 79% 82%
Optimal Assignment Kernels 69% 78% 82%
i Adaptive Matching Based Kernels 75% 80% 83%
XHH 76% 81% 85%
Shortest—path kernels 80% 83% 85%
Optimal Assignment Kernels 82% 84% 87%
A Adaptive Matching Based Kernels 82% 84% 88%
Xk 83% 86% 88%
3.3 LWBER of the American philosophical Society, 1962,106(6) :467 -
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