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Kernel Bayes Inference (KBI), which is a Bayesian inference based on kernel
methods, has been studied. KBI infers kernel means, which are features of probability distributions
in reproducing kernel Hilbert space. In KBI, characteristic kernels play an important role in
specifying probability distributions by kernel means. We studied a connection between characteristic

kernels and infinitely divisible distributions. We showed that continuous bounded and symmetric
density functions of infinitely divisible distributions can be used for characteristic kernels.
Within the infinitely divisible distributions, we proposed a convolution trick, which is a
generalization of the kernel trick. The convolution trick can be used for developing various kernel
algorithms that combine infinitely divisible distributions.
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