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Bayesian Optimization with Kernels for Persistence Diagrams
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The graph structure optimization is a fundamental task in graph structured data analysis. In the graph structure
optimization, objective function is usually an expensive-to-evaluate and black-box function. Therefore, we need

to optimize the unknown function with as few evaluations of the function as possible.
However, in order to apply Bayesian optimization to graph

is one of methods that can handle this difficulty.

Bayesian optimization

structured data, we need to extract proper geometric information of the structure and measure similarity between
the structures. In this paper, we utilize topological data analysis (TDA), which is recently applied in machine
learning, to extract robust topological information from graph structured data. Experiments show that topological
information extracted by TDA contributes to efficient search of the optimal structure compared with random search

baseline.
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5.1.1 Persistence weighted Gaussian kernels
Persistence  weighted ~Gaussian  kernels (PWGK)
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* 1. BEH— 2V OMAEDEIT X B TR

Synthetic ESOL | FreeSolv
Random 1.0000 1.0000 1.0000
PWGK Oth 0.1597 | 0.0571 0.6832
-Linear 1st 0.1551 0.3867 1.4169
align 0.1664 0.3119 1.0350
MLE 0.0898 0.1757 0.5241
PWGK Oth 0.1512 0.0763 0.8833
-Gaussian 1st 0.1509 0.4630 1.2399
align 0.1618 0.2455 0.8862
MLE 0.4308 | 0.0560 0.5867
PFK Oth 0.1172 0.1153 0.7685
1st 0.0730 0.2544 0.6644
align 0.0922 0.1195 0.8695
MLE 0.2220 | 0.0703 0.7640
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